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Abstract
Dietary assessment surveys are an important tool for measuring and/or monitoring the nutritional
profile of a population. The analysis of data that is collected in these surveys helps to develop
health care guidelines and policies that minimise the risk of diet related diseases on a national
scale. For years these surveys had to be conducted in a form of an interview by trained researchers
with a nutritional background. The emergence of systems that automate interviewer-led protocols
and transform these interviews into online surveys has addressed financial limitations and brought
scalability into dietary assessment studies. In the meantime, online dietary assessment surveys
mostly copy the interviewer-led procedures and inherit some of their methodological issues that
lead to misreporting of dietary intake and lower the accuracy of assessment. This thesis primarily
focuses on the issues related to human-memory, motivation of respondents to take part in dietary
assessment studies, and the usability of survey interfaces. This work pinpoints the elements
of automated dietary assessment systems, where these issues affect the accuracy of results.
This analysis is then translated into three research questions of this thesis. Challenges related
to human-memory are then addressed by developing and evaluating a recommender system
for prompting omitted foods in online dietary assessment surveys. This work also explores
short retention intervals (i.e. time between an intake and recall) as another method for recall
assistance. As a way to motivate respondents to take part in dietary assessment surveys this
thesis explores tailored dietary feedback provided to respondents at the end of a survey. Usability
and performance of new methods are analysed in real-life dietary assessment surveys using a
usability framework developed for this research. Acceptance of the methods is analysed using
thematic analysis of transcribed interviews with respondents. Research activities conducted
during this work provide some support to hypotheses defined in the research questions.
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1.1 Background. Why is large-scale dietary assessment im-
portant?
Diet is a major life-style factor in our health and longevity globally affecting health care systems
and economic development [150]. Certain patterns of dietary habits at different stages of our life
are related to a wide range of chronic diseases, including cancer and cardiovascular disease; and
nutrient-dense diet is associated with lower risk of all-cause mortality [147]. Diet and nutrition
are estimated to account for approximately 30% of all cancers in developed countries and 20%
in developing countries [155] and according to the World Cancer Research Fund (WCRF), there
is strong evidence of an association between specific diet-related factors and increased risk of
cancer [105]. The Mediterranean diet, a dietary pattern considered to be healthy, categorized in
particular by a high consumption of vegetables, fruit, nuts and unsaturated fats like olive oil has
been associated with a reduced risk of non-communicable diseases [104]. More specifically, a
diet high in dietary fibre (found in foods such as wholegrain cereals) has been found to reduce
the risk of colorectal cancer [20], however the UK national dietary survey - The National Diet
and Nutrition Survey (NDNS) Rolling Programme 2014/15-2015/16 found that only nine percent
of adults aged 19-64 years met the recommended intake of dietary fibre [134]. Micronutrients
are also key in reducing risk of disease; iron is a major component of haemoglobin and an
essential mineral in the diet enabling the distribution of oxygen around the body among many
other functions. Iron deficiency anaemia can lead to many health problems and during pregnancy,
is associated with low birth weight of the child and increased risk pre-eclampsia and bleeding in
the mother [10]. Women of reproductive age are particularly at risk of iron deficiency due to
menstrual losses and the NDNS 2012/13 - 2013/14 found that 48% of girls aged from 11 to 18
years had iron intakes below the lower recommended nutrient intake [134].
In addition to nutritional deficiencies, over nutrition is a public health epidemic. Statistics
from the UK National Health Service (NHS) show that there were 617,000 admissions with a
primary or secondary diagnosis of obesity in 2016/17, which is an 18% increase from 2015/16
[7]. The latest data published by NHS digital in 2019 stated that 29% of adults were classified as
obese in 2017, and one in five children in Year 6 were classified as obese in 2017/18 [8]. Obesity
is one of the main determinants of an increased risk of CVD [163] and in 2012, CVD was the
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leading cause female deaths in the UK (28% of all female deaths) and was the second most
common cause of male deaths (29% of all male deaths) [25]. Overweight and obesity related
ill health was estimated to cost the NHS £6.1 billion in 2014-15 [2]. The ability to identify
and examine correlations between dietary habits and health on a national scale is essential and
therefore, adequate, reliable and economically effective tools to measure population dietary
intake are important in identifying these relationships.
Adequate dietary intake assessment is not only important in identifying relationships between
dietary habits and well-being. Where associations are already known healthcare systems need
reliable and economically effective tools to monitor the intake of populations. An accurate
and up-to-date picture of a nation’s nutritional status is essential for implementing an effective
intervention strategy and evaluating it. An example of such programme is the aforementioned UK
National Diet and Nutrition Survey (NDNS) programme, first set up in 1992 and jointly funded
by Public Health England and UK Food Standards Agency [169]. NDNS is a rolling survey
designed to collect quantitative data on the food consumption, nutrient intake and nutritional
status of the general population of the UK aged 1.5 years and over. The aim of the NDNS is to
estimate the proportion of individuals that follow dietary recommendations and the proportion
with potentially compromised nutritional status. Data collected is also used to track the progress
towards existing dietary targets and to identify areas of concern. Collected data also serves as the
basis for research and the development of intervention programmes [169]. The NDNS has used
different methods to collect dietary data, previously 7-day weighed food diaries (WFD) were
used, and in 2014/15-2015/16 the decision was made to change to age specific 4-day non-WFD
[4].
1.2 How is diet assessed?
There are a number of different methods for assessing diet of an individual by either measuring
markers of nutrient intake or by measuring the intake of foods and drinks. An accurate dietary
assessment ideally represents the true habitual intake of the individual. The habitual intake of
a person can be described as an average of dietary intake over a prolonged period of time (i.e.
weeks or months rather than days) [94]. Habitual intake is expected to provide energy and other
nutrients that maintain weight stability, a steady physiological state, nutritional status and health
of the individual in both the short and long term. However, measuring habitual intake is a highly
complex task due to natural variations in diets of subjects [94]. For that reason, in practice, an
accurate dietary assessment method is expected to measure the true intake during the period of a
study. On a large-scale a dietary assessment method needs to capture a representative (average)
habitual intake for a population and for its various demographical groups (e.g. age, gender,
socioeconomic status).
Dietary assessment methods can be broadly split into three categories, nutrient biomarkers,
direct observations and subjective methods (i.e. self-reported intake by subjects) [176, 147].
Specific nutritional biomarkers can be used to measure intake of some nutrients (e.g. fat and
fatty acid intake) and energy can be assessed through energy expenditure measured using doubly-
labelled water (DLW), assuming the participants are weight stable [16, 27]. Previous studies
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have demonstrated a number of advantages of biomarkers including a relatively high accuracy for
assessing intake of some nutrients (such as energy and protein), the lack of social desirability bias,
independence of subject’s memory and ability to self-report their intake [128, 55]. Nevertheless,
this method imposes a number of practical and economical challenges including the need to
collect, store and analyse blood, urine, or other biological specimens for most of the nutritional
biomarkers [159]. Biomarkers are still highly useful in calibrating the measurement error in
dietary reports and, for example, DLW is widely considered as a gold standard for estimating
energy intake that other dietary assessment methods are compared with [27, 94, 34]. Another
approach to collecting data for dietary assessment involves skilled researchers directly observing
and recording subject’s intake [147]. Records are often collected in subject’s home environment
and can include not only information about food consumption but also about preparation methods.
This method is especially useful in developing countries with subjects with literacy difficulties
or where food is prepared in large quantities for a group of people (e.g. family). However, direct
observations are very costly and impractical on large scale.
A successful dietary assessment method that can be applied on a large-scale is expected not
only to be cost-effective, scalable and to estimate dietary intake with acceptable accuracy, but
also to impose a low subject burden to reduce the likelihood of misreporting, participant attrition
and changes in subjects’ diets [100]. In other words, the method, ideally, needs to ensure that
the choice of reported foods and drinks has not been influenced by the act of recording or being
observed and that subjects would consume exactly the same foods and drinks were they not
involved in a study [94]. For those reasons, methods that are based on subjective self-reported
intake that can be applied in a form of surveys are widely used for population dietary assessment.
Subjective dietary assessment methods include WFD, food frequency questionnaires (FFQ)
and 24-hour recall [147]. The WFD method requires subjects to weight and record each item of
food and drink consumed before and after every eating occasion. To collect accurate records this
method assumes subjects have access to scales at the time of preparing their food and are able
to use them competently [135, 161]. Thus, WFD require a high level of motivation and pose a
relatively large burden on subjects [147]. Respondents surveyed with this method were found to
reduce the number of consumed foods and snacks and to substitute their normally consumed
foods by those that are simpler to record [132]. For these reasons, portion size estimation through
validated photographs of foods with known serving sizes and through common household
measures and dishes (e.g. cups, spoons, bowls, and glasses) is considered to cause less burden
to respondents [118, 135, 161, 161]. This method of portion size estimation is for example
commonly used in FFQ and 24-hour recalls. FFQ enable individual’s intake to be captured over
a long period of time (e.g. a month or a year) in a relatively simple, cost- and time- efficient
manner [159, 147]. FFQ is an advanced form of a checklist that normally contains 100-150
foods and asks a subject to report, which foods and the amount of them they consumed over a
specific period [147]. Answers for the questionnaire can be collected either through an interview
or via a self-administered approach (e.g. postal or online survey). In contrast to the WFD,
FFQ poses a low subject burden [159]. The accuracy of this method, however, is relatively
low. FFQ is prone to misreporting as the method relies on the ability of subjects to remember
their diet over a long period of time [85, 159]. One of the most widely adopted approaches is
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the multiple-pass 24-hour recall, which is considered to offer a favourable balance of a high
accuracy and low subject burden [77]. This method was designed as an interviewer-led method
to collect information about all foods and drinks individuals consumed for a previous day [69].
The multiple-pass 24-hour recall was developed by the US Department of Agriculture (USDA)-
Human Nutrition Information Service (HNIS) to limit the extent of under-reporting that occurs
with self-reported food intake [69, 78]. Capturing habitual intake using this method requires
multiple non-consecutive interviews to be conducted over a long period of time (e.g. weeks,
months). To cover a wider variation of foods in a subject’s diet this method can also be combined
with an FFQ [147]. The estimation of energy intake with the multiple-pass 24-hour recall is
relatively accurate when validated with DLW [97]. However, as with FFQ’s, 24-hour recalls are
also prone to misreporting due its reliance on subjects self-reporting their dietary intake [159].
The interviewer-led nature of a 24-hour recall involves the need for skilled professionals
to conduct interviews and analyse complex dietary data which poses economic and scalability
implications. To address those issues a number of systems have been developed that replace an
interviewer in the 24-hour recall method with an online survey [77, 154, 39, 30]. The process
of collecting and processing dietary data using software is generally referred to as "automated
dietary assessment" [159]. Automated dietary assessment allows scaling a survey to thousands of
subjects and receiving immediate results in a short time frame at a relatively low cost [149, 26].
Another advantage is that the procedure of the 24-hour recall is strictly standardized. Moreover,
a database of foods can be adapted for a specific country, population group or for the purpose of
a particular study (e.g. medical intervention or a disease) [149, 26]. One such dietary assessment
system, Intake24, has been developed by a multidisciplinary team from the fields of Nutrition,
Human-computer interaction (HCI) and Medical Statistics at Newcastle University [30]. The
accuracy of nutrient intake estimates by the system has demonstrated an agreement with the
interviewer-led multiple-pass 24-h recall [30, 139, 56].
1.3 Why is measuring dietary intake still a problem?
There are a number of key elements of subjective dietary assessment methods where their
accuracy is affected. Gathering information on habitual intake requires capturing every food
and drink consumed with an accurate estimation of their portion sizes. Dietary assessment
methods that rely on self-reported intake depend on an individual’s motivation and willingness to
report, their ability to remember and accurately estimate portion sizes [100, 29]. The accuracy of
assessment also depends on all components of the method that are used for collecting dietary data
and calculating the results (e.g. the complexity of a questionnaire, food composition database,
portion size estimation methods).
Misreporting and its most common form under-reporting are among the fundamental issues
with producing accurate dietary assessment results based on self-reported intake [100]. Macdi-
armid and Blundell described two categories of under-reporting: intentional and unintentional
[100]. Intentional misreporting may be caused by social desirability bias leading to some in-
dividuals knowingly under-reporting foods that may be seen as ’unhealthy’ or choosing not to
report them at all [147]. Dietary assessment methods that involve long questionnaires require a
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considerable amount of time and effort from respondents. Thus, intentional under-reporting may
be also contributed by the lack of motivation of respondents to go through a survey [63, 101].
Unintentional under-reporting in dietary assessment is largely due to lack of attention and
by errors of human memory that cause omissions of foods and inaccuracies in estimation of
serving sizes [66, 116, 117]. Memories about consumed foods and drinks start fading an hour
after consumption [24, 84]. For that reason, a dietary assessment method that requires subjects to
remember the intake for the previous day or for longer periods of time is prone to memory errors
[100]. Misreporting may also occur when subjects are genuinely not aware of some details about
the food they ate. For example, when they are asked about recipes used in preparation of reported
foods but they did not cook the meal themselves [66]. Another source of under-reporting is
the lack of training for participants when taking part in dietary assessment studies [166]. For
example, some individuals may not fully understand the level of detail needed for a study (e.g.
some may think that coffee with milk and sugar is the same as without them). In addition to that,
the use of technology in dietary assessment is characterised by a range of additional limitations in
populations with a low level of technological illiteracy and/or with limited access to technology
(e.g. computer, mobile device) [147, 129, 129]. Lastly, both types of misreporting (intentional
and unintentional) can be confused with genuine low-energy intake reports caused by factors
such as illness, weight loss diets or irregular eating patterns [127]. Genuine under-reporting
may also occur when respondents start eating less during the course of a study as a result of
completing a prospective method such as a food diary and becoming more aware of how much
they were eating [147].
Some level of error in dietary assessment that is based on in self-reported intake is inevitable
[147, 75, 64]. A reliable method has to measure the nutritional profile of a population or an
individual accurately enough to be able to reveal related health implications [133, 70]. An
acceptable level of accuracy will likely depend on the purpose of a study (e.g. monitoring of the
nutrient status of a population, individual dietary intervention, disease prevention) [75].
1.4 Aim of this thesis
The use of online surveys has greatly simplified the logistics of dietary assessment and increased
its scalability while bringing the costs down. However, despite their increasing use, the develop-
ment of dietary assessment systems is still in its infancy. The designers and developers of the
systems have gone a little beyond simple mimicking interviewer-led approaches and have not
to date systematically addressed matters of either user experience or usability that impact on
accuracy of results. The next step for automated dietary assessment is to embrace the benefits
enabled by other fields of computing including data science and HCI. The goal of this thesis
is to explore new digital methods for improving the accuracy of automated dietary assessment
systems. The thesis achieves this aim by answering three research questions.
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1.5 Research questions
1.5.1 Research question 1 (RQ1). How can recall assistance be improved
and evaluated in automated dietary assessment?
Existing dietary assessment systems mainly automate long-established interviewer-led proce-
dures. In the meantime, existing protocols for collecting dietary data from respondents are largely
dictated by the logistics and complications involved in using those interviewer-led approaches.
For example, one potential reason for the 24-hour time frame in 24-hour recall could be that
it allows the interviewer to collect dietary information on a single occasion. At the same time,
the 24-hour period is short enough for an individual to remember meals consumed by them.
However, as it was mentioned above the accuracy of recall may reduce even an hour after an
eating occasion [24, 84]. Replacing the interviewer with an online survey gives an opportunity to
rethink prevailing methods of recall assistance and discover new methods. For example, Baxter
et al. have demonstrated that shortening the time period between an intake and an interview (i.e.
retention interval) may be beneficial for the accuracy of recall [22, 23]. In an online survey that
approach can be taken to a next step and respondents can be asked to record multiple recalls per
day. Recording meals shortly after the intake could potentially reduce stress on the memory of
respondents. At the same time, changes to previously validated dietary assessment methods need
to be examined for potential negative/positive effects on their accuracy. The known approaches
to evaluation of dietary assessment methods include comparison of estimated energy to that
measured by interviewer-led methods or by DLW [78, 34, 30]. However, these approaches pose
considerable financial and practical implications. Most importantly, these cannot be used to
analyse issues with usability of newly implemented techniques and of dietary assessment systems
in general. The usability of dietary assessment system may affect the accuracy of results through
reduced/increased complexity of the procedure for respondents [139]. For that reason, the focus
of this research question includes the development of a framework that provides quantitative
indicators for the evaluation of accuracy and usability of designed recall assistance methods.
1.5.2 Research question 2 (RQ2). Can data driven methods facilitate the
accuracy of dietary assessment?
Interviewer-led protocols employ various methods to assist respondent’s recall. For example,
in a 24-hour recall, if there is a considerably long time period in the report during which the
respondent has not reported any meals, the interviewer is expected to ask about potentially
omitted eating occasions (e.g. snacks or drinks). Similarly, the interviewer asks questions about
foods commonly eaten with foods reported by the respondent (associated foods). For instance,
if respondent reports having eaten toast, the interviewer asks whether it was eaten with butter.
Dietary assessment systems commonly mimic that behaviour of the interviewer and display such
prompts and reminders to respondents. Food association rules that trigger prompting are currently
either ‘hard-coded’ or entered manually by a professional with a nutritional background. As in
interviewer-led dietary assessment those associations are based on experience from previous
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interviews with respondents [112, 30]. However, eating habits depend on region, culture, diet,
and a number of other factors, thus generalized rules for prompting questions are not necessarily
the most effective approach where systems are deployed beyond the narrow population for whom
they are generally developed for. New foods and recipes emerge and dietary trends change over
time, which requires food associations to be constantly revised. At the moment of writing this
thesis no published study has evaluated the appropriateness of hand-coded food associations
or explored alternative approaches to discovering them and to prompting for associated foods.
It seems that technology assisted dietary assessment is missing the opportunity to apply data-
mining and machine learning techniques to data collected from previous dietary surveys. Dietary
assessment systems could then build dynamic knowledge-based models and adapt more easily to
specific contexts. For example, a system could learn about foods that are statistically very likely
to be consumed together (i.e. associated foods), or during a certain time of the day (e.g. fried
eggs for breakfast), or by respondents of particular demographics. Such models can then be used
to probe users about potentially forgotten foods after they reported part of a meal. Furthermore,
these dynamic models could facilitate the usability of some other key elements of the system,
for example, the elements responsible for searching for foods in the database by respondents.
Dietary assessment systems store thousands of foods in their databases and a lot of the foods
have similar names (e.g. different types of bread). The provision of adequate search results
in response to free text queries of respondents is pivotal for the accuracy of assessment [58].
Respondents failing to quickly identify their foods may choose to report a food with a similar
name but different nutritional content or to skip reporting that item at all. The knowledge of
items that are more likely to be selected next based on the previous selection of foods and a given
context may increase the relevance of presented search results.
1.5.3 Research question 3 (RQ3). Can tailored dietary feedback improve
participatory engagement in online dietary assessment surveys?
Recall assistance methods alone cannot stop respondents who intentionally report lower or
higher than actual intake for some foods as well as those who omit other foods. One reason for
such behaviour is social desirability bias [147, 101]. That is a subject feeling uncomfortable
(i.e. feeling guilty) to report a food or a portion size that might be outside of accepted societal
norms (e.g. fast food). Similarly social desirability bias may cause respondents to exaggerate
their intake of healthy foods. The complexity of a survey is another known factor affecting
the accuracy of dietary assessment [147, 63, 101]. Some subjects may choose to drop out
from a study completely which reduces the sample size of a study and may impact on the
representativeness of the study population. Others may skip reporting some foods to complete
the survey faster. The accuracy of self-reported intake of an individual can be analysed using
direct observations or nutritional biomarkers [27, 94, 34]. However, there are no known methods
to detect intentional or unintentional under-reporting on a large scale. Nevertheless, automated
dietary assessment could take lessons from research in the area of participatory engagement
in crowdsourcing tasks including online surveys. For example, according to Nakamura and
Csikszentmihalyi respondents who see a personal gain in outcomes of a task are more likely
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to be motivated to complete it [115]. This is to some degree supported by another study by
Powers et al. that demonstrates that providing feedback on questionnaire results at the end of a
survey increases participation rates [130]. What form of personal value could be provided in a
dietary assessment survey? There is a growing number of people interested in technology for
aggregating information about their well-being (including dietary data) and analysing it (e.g.
Fitbit, MyFitnessPal) [45, 62, 98]. Thus, in a dietary assessment survey, that personal value
could be provided in a form of individual feedback about the nutrient intake of participants based
on their responses. In other words, an opportunity to receive a higher quality of dietary feedback
could motivate respondents to provide more accurate answers to a dietary survey. A higher
quality of responses on an individual level could lead to a higher quality of dietary assessment on
the level of a population. Thus, RQ3 focuses on understanding whether tailored dietary feedback
can be used as a driver for participatory engagement in population dietary assessment surveys
and identifying characteristics that facilitate acceptability and usability of dietary feedback. At
the same time, the answer to the RQ3 has to fit into practices of the conventional approach to
conducting dietary assessment studies, which suggests to refrain from either positive or negative
feedback about dietary habits of respondents since this may change their diets and limit the
reliability of the outcomes [157, 100].
1.6 Contribution to knowledge
This thesis explores new approaches for improving the accuracy of data collected in large-scale
dietary assessment surveys conducted online. These approaches are implemented and evaluated
in a system that collects data from respondents using a multiple pass 24-hour recall method
[69, 78]. However, most answers to research questions defined in this thesis are intended to be
applicable to other methods of gathering dietary data that are used in a form of online surveys.
For example, the usability framework that is described in in chapter 3 and applies HCI research
in the field of user experience and usability to the evaluation of recall assistance methods can
potentially be relevant for online surveys that implement the FFQ method. Same applies to the
recommender system for prompting omitted foods that is described in chapter 4 and in chapter 5.
Similarly, other types of online dietary assessment surveys could benefit of the use of tailored
dietary feedback as an incentive that is explored in chapter 7 and takes its inspiration from
research in HCI for health and personal informatics. In the meantime, some of this research
could find applications outside of the scope of automated dietary assessment. The recommender
system developed for the purpose of prompting survey respondents about foods potentially
omitted by them could be used in other contexts that do not collect or store an extensive history
of user behaviour and/or where the range of indicators representing user interests is limited.
For example, that could be systems characterised by high privacy concerns or irregular usage.
Lastly, new components that were developed in Intake24 in the course of producing this research
and that are described in chapter 3 are planned to be used in future dietary assessment studies
including the next UK NDNS by the National Centre for Social Research (NatCen) and MRC
Epidemiology Unit at the University of Cambridge [169]. Different parts of this thesis were
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1.7 Thesis structure
1.7.1 Introduction
This chapter provides a background for this research, outlines existing challenges in large-scale
dietary assessment, which are translated into research purpose and questions. Additionally, this
chapter outlines contribution of this thesis and provides its structure.
1.7.2 Literature Review
This chapter provides a detailed review of appropriate literature pertaining to dietary assessment
systems and the research questions defined in chapter 1. It also covers research that provides
potential solutions for the challenges contained in the research questions.
1.7.3 Methodology
This chapter provides a detailed description of a methodology that was undertaken to inform the
research questions defined in this thesis.
1.7.4 Recommender system based on pairwise association rules
This chapter informs the answers to RQ1 and RQ2. This chapter describes the development and
an offline evaluation of a recommender system for prompting omitted foods in online dietary
assessment surveys.
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1.7.5 Validation of a recommender system for prompting omitted foods
in online dietary assessment surveys
This chapter extends the answer to RQ2 and describes the deployment and the evaluation of the
recommender system in real online dietary assessment surveys.
1.7.6 Progressive 24-hour recall: Feasibility and acceptability of short re-
tention intervals in online dietary assessment surveys
This chapter extends the answer to RQ1 and describes the implementation of short retention
intervals in an online dietary assessment survey as a method for reducing a burden on human
memory. The chapter describes the observed effects of the method on data collected in the survey
and the acceptability of this method by respondents.
1.7.7 Tailored dietary feedback as an incentive in large-scale dietary as-
sessment surveys
This chapter informs the answer to RQ3 and extends the answer to RQ1. This chapter explores
the use of tailored dietary feedback to incentivise respondents to provide more accurate answers
in online dietary assessment surveys.
1.7.8 Discussion, Relevance, and Conclusion
This chapter reviews the major outcomes of this thesis, limitations of these outcomes, and




This chapter provides an overview of the multiple pass 24-hour recall method. The chapter
also reviews the general architecture of dietary assessment systems that implement the 24-hour
recall method. The description of the architecture includes the key components of such systems,
survey interface for respondents and existing methods of recall assistance, researcher interface
and ontology of foods. The description of the architecture is based on three existing dietary
assessment systems ASA24, MyFood24 and Intake24. The chapter also examines challenges
that affect the accuracy of automated dietary assessment systems. Finally, the chapter explores
directions for addressing those challenges.
2.2 The multiple-pass 24-hour recall
The original 24-hour recall is an interviewer-led method for inquiring information about subject’s
food intake for the past 24 hours. Compared to other dietary assessment methods the 24-hour
recall poses relatively low subject burden [77, 78] and is less likely to cause changes in a
respondent’s diet in the course of a study, misreporting and participants’ dropouts [100]. Self-
reported food intake is highly dependent on human memory, which makes it prone to omissions
and misreporting [100, 159]. To limit the extent of under-reporting that occurs with self-reported
food intake the US Department of Agriculture (USDA)-Human Nutrition Information Service
(HNIS) developed the multiple-pass modification of the 24-hour recall method [69, 78]. The
multiple-pass 24-hour recall interview generally consists of five distinct passes (i.e. steps). In the
first, so called "quick-list" pass, the respondent is asked to recall all foods they ate the previous
day. In the second pass, the interviewer probes about possible forgotten and associated foods
(e.g. beverages, sweeteners, spreads, condiments). In the third pass, the respondent is asked
about time the foods were eaten and eating occasions. In the fourth pass, the respondent is
asked to give more details about those foods. The interviewer may ask, for example, to clarify
ingredients of foods or specific brands, if that affects their nutrient content. As another example,
if the respondent reports porridge, the interviewer asks whether it was cooked with water or
milk, and if so the type of milk, and the amount added. In this pass the interviewer also asks
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the respondent to estimate portion sizes of foods. Portion sizes can be estimated using common
household measures and dishes (e.g. cups, spoons, bowls, and glasses), geometric shapes (e.g.
circles, rectangles, wedges) and food-specific gram weight descriptions. Portion sizes can also
be estimated using validated photographs of foods with known serving sizes [161]. In addition to
that the interviewer uses various prompts, such as questions about left over foods (e.g. Did you
leave any of your porridge?). In the fifth pass the interviewer reviews the list of meals and foods,
and probes for additional eating occasions. For example, if there is a long time gap between
lunch and dinner, the interviewer asks whether any afternoon snacks were eaten in that period.
Such interviews are normally conducted by professionals with a nutritional background either
face-to-face or over the phone. To estimate nutrient contents of the reported foods a composition
table is used that contains most common foods and their validated nutrient values for the region
where the study is conducted [54]. Having collected foods and portion sizes researchers can
map them to records in a composition table to estimate the nutrient content for each individual
dietary report. The 24-hour recall is commonly used to estimate nutrient intake for a population
rather than on an individual level. For that reason, the interviews are typically conducted on
three to four non-consecutive days to capture a wider variety of foods in the diet, including foods
which are important contributors to nutrient intake but are less frequently consumed (e.g. oily
fish). The time interval between the days of the survey depends on the purpose of the study.
For example, to garner habitual intake over a year the survey has to be administered across all
seasons within the year to capture seasonal variations [36, 28]. For the most accurate assessment
respondents should be not aware about specific days of interviews, since they might change their
eating habits on those days otherwise. Hence, this procedure involves considerably complex
planning, logistics and costs due to intense labour and involvement of high skilled interviewers.
A number of computer-based systems that automate the multiple pass 24-hour recall method
have been developed to address scalability and economic implications of the interviewer-led
method including ASA24, Myfood24 and Intake24 [39, 154, 30]. Such systems provide an inter-
face for respondents that standardizes the multiple-pass procedure and replaces an interviewer in
the original method. Respondents submit their intake remotely without the additional burden of
having to be present for a face-to-face or telephone interview. Population intake of nutrients can
be automatically estimated from submitted recalls. Further the chapter describes the architecture
of dietary assessment systems based on examples of three existing systems, ASA24, Myfood24
and Intake24. The elements of the systems covered in the description include survey interface
for respondents and existing methods of recall assistance, researcher interface and ontology of
foods. Intake24 was developed in Newcastle University, which allowed a wider access to the
system in the course of writing this thesis. For that reason, the description of the survey interface
is based on all three systems, whereas the description of the researcher interface and the ontology
of foods is based only on Intake24.
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2.3 Automated multiple-pass 24-hour recall
2.3.1 Overview
ASA24, MyFood24 and Intake24 are three systems that are based on the multiple-pass 24-
hour recall method and are widely used for conducting online dietary assessment surveys
[39, 154, 30, 37]. These and similar systems offer a multitude of benefits to researchers in the
field of human health and nutrition. An online dietary assessment survey essentially replaces a
trained interviewer while collecting the same information and probing for additional details as if
it was an interviewer-led recall. Instead of scheduling and conducting face-to-face interviews
researchers can disseminate a link to an online survey by email to respondents with instructions on
completing it. Thus, dietary data can be simultaneously collected from large and geographically
spread cohorts. In addition to that, the link to the survey can be sent right when the respondent
is expected to complete their recall meaning that they are not aware about the specific date
and time of the recall in advance and do not change their diet because of that. Online dietary
assessment surveys enable instantaneous generation of nutritional output, ensuring consistency
and eliminating the need for manual coding and data entry typically associated with traditional
dietary assessment [148, 93]. Scalability and efficiency of online surveys lead to a significant
reduction in the cost and effort involved in a dietary assessment study.
The development of the automated SelfAdministered 24-hour dietary recall (ASA24) has
begun in 2006 in the US by the National Cancer Institute, in collaboration with a research firm
Westat and with research groups at the National Institutes of Health [154]. Since then the system
has been continuously refined based on the input from stakeholders, continuous usability testing
and from analysed recalls collected from respondents of various demographic profiles [154].
ASA24 has also undergone validation in a feeding study with 83 adults aged 20-70 years and in
observational feeding study with 10-13 years old children [82, 80].
MyFood24 was developed by the Nutritional Epidemiology Group in the School of Food
Science & Nutrition at the University of Leeds [39]. The system’s database of foods comprises
more than 50,000 branded food items with six thousand of the most common foods linked to
photographs of serving sizes to aid portion size estimation by respondents [39]. The system went
though numerous studies including the usability and acceptability of the tool among adolescents
(11-18 years old) [167, 15]. The accuracy of results provided by MyFood24 was compared
to that of biomarkers and standard face-to-face interviews with adults (mean age for men and
women is 43 and 44 respectively) and adolescents (11-18 years old) [167, 14].
Intake24 is an open source system developed at Newcastle University for conducting large-
scale population dietary surveys online using a multiple pass 24-hour dietary recall method
[30]. Development of the system started in 2009 when it was named ‘SCRAN24’ and has
since undergone several cycles of user testing and development [30, 58, 138, 56, 148]. The
original system was developed as software that had to be installed on a personal computer (PC).
Respondents completed a dietary survey after installation and the results of the completed survey
had to be collected from that computer. SCRAN24 served as a prototype to validate the concept
of automated dietary surveys on a small scale and enabled the collection of user feedback from 38
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participants 11-16 years old [58]. This study informed the development of a scalable cloud-based
system - Intake24. A validation of Intake24 against interviewer-led recalls with 180 participants
aged 11-24 years demonstrated that Intake24 under-estimated energy intake on average by only
1% compared to the interviewer-led method [30]. The interviewer-led method itself was found
to underestimate energy intake on average by 33% compared to that measured with DLW [97].
The accuracy of energy intake estimated by Intake24 was also validated using DLW [60]. The
user experience of Intake24 was evaluated with 80 participants aged 11-24 years old [148] and
the system has also been field tested in those aged from 11 years to older adults, to examine the
feasibility of using Intake24 with the Scottish population on a large scale, where it was found by
participants to be user friendly and enjoyable to use [139]. Intake24 has been used to conduct at
least 129 dietary assessment surveys with 13,633 respondents, who submitted more than 238,000
meals. The system is translated into Portuguese, Danish and Arabic and at the time of writing
this paper is being used in six countries. It is also adapted for use in the UK coeliac population
and has been adapted for use in India. Intake24 is planned to be used for the next UK NDNS by
the NatCen and MRC Epidemiology Unit at the University of Cambridge [169] as well as being
pilot tested in the Scottish Health Survey (SHeS) 2018/19 to assess the feasibility of integrating
it into SHeS [6].
Intake24 is backed by a rich ontology of more than 4,800 foods tailored to each region and
linked to local food composition tables. For example, for the UK version of the system the food
database is linked to the Nutrient Databank from Public Health England [148]. In addition to
nutritional information, for many items in the UK version of the food database, information about
the carbon emissions of foods is included. One of the key features of Intake24 is the method
used to assist subjects’ portion size estimation using a collection of over 2,000 photographs
of different portion sizes of a range of common foods, many of which have been extensively
validated in a feeding study and against concurrent WFD [61, 57]. Intake24 based its selection
of foods, and estimation methods, on the portion sizes of foods reported in NDNS and has
been updated overtime [148]. The system consists of two main components, a survey interface
for respondents, and an interface for researchers and administrators of the system. Further the
chapter describes these two components in detail.
2.3.2 Survey interface
Survey interfaces of ASA24, MyFood24 and Intake24 generally follow the questionnaire of the
multiple pass 24-hour recall method with some deviations. In all three systems respondents
log into the survey interface using a unique and non-personally identifiable username and a
password. In the system, the respondent is presented with a customizable welcome screen that
provides instructions and a video tutorial . Intake24 and MyFood24 allow logging in with an
authentication URL provided by the administrators of a study. In the system, the respondent is
presented with a welcome screen that provides instructions and a tutorial. This page can also
give an overview of a study (Fig. 2.1-2.3). After the welcome screen, there is a sequence of
screens that represent the steps of the multiple pass 24-hour recall method.
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Fig. 2.1 Welcome screen in the ASA24 survey interface
Fig. 2.2 Welcome screen in the MyFood24 survey interface
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Fig. 2.3 Welcome screen in the Intake24 survey interface
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The original multiple pass 24-hour recall procedure was modified in all three systems. In
ASA24 and Intake24, the questionnaire consists of three passes (steps) instead of the five defined
in the original method. In the first "quick-list" pass, the respondent is asked to recall all meals
for a previous day along with the time they had them. ASA24 offers selecting meals from a
standard list. Intake24 also allows the addition of custom meal names to fit with the respondents
intake (Fig. 2.4). In ASA24, after selecting time of a meal the respondent searches and selects
food items from a database of foods for each meal (Fig. 2.6). In Intake24, in the first pass, the
respondent only types in names of all foods and drinks they had for that meal in a free text format
(Fig. 2.5). ASA24 identifies long time gaps between meals on this step and asks the respondent
about additional eating occasions.
Fig. 2.4 Standard list of meals (left panel) and time question for a meal in the survey interface of
Intake24
In the second pass, in Intake24, the respondent is asked to select specific items from the list
of search results returned in response to the typed food names in pass 1 (Fig. 2.7). Respondents
can browse foods in categories that matched their text query by clicking on them in the list of
results. The system offers to browse the full ontology of foods in Intake24 by pressing "Browse
all foods". Respondents can also refine search results by typing in a new free text query and
pressing the "Search again" button. In ASA24 and Intake24, the respondent also estimates
the amount of food/drink they had. For most foods, this is estimated by selecting the closest
matching photograph from a range of predetermined serving or packaging sizes, e.g. a slice
of bread, biscuit, soda can or a bowl of porridge (Fig. 2.9-2.11). For other foods, the system
offers common household measures such as bowls, tablespoons or handfuls. To try to accurately
capture portion size, for some foods in Intake24, participants are also asked if they had any food
"left over" for example, "Did you leave some of your porridge, made with semi skimmed milk?".
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Fig. 2.5 Quick list of foods typed in a free text format for a meal in the survey interface of
Intake24
Fig. 2.6 Food search results in ASA24
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Fig. 2.7 Search results returned in response to a free text food name query in the survey interface
of Intake24
If the participant chooses that they left some food, the system asks the respondent to estimate the
amount of food left using the same interface for portion size estimation. After this step, both
Intake24 and ASA24 asks a question about commonly associated foods, for example "Did you
have any sugar or syrup on your porridge?" The respondent can accept or reject the prompt. If
the prompt is accepted, the respondent selects the food item and portion size they had. If no
drinks are reported in a meal time, Intake24 flags this and asks the participant if any drinks were
consumed. In the third pass, both systems ask the respondent to review the list of reported meals
and foods. Intake24 also probes for additional eating occasions at this step, for example, if there
were any long time intervals between the meals or if the calorie intake is low, participants are
asked to check they haven’t missed anything from their recall. After these checks, respondents
are asked to submit their recall.
MyFood24 combines the first and the second passes into a single one. The respondent is
given a predefined list of meals on the left part of the screen. They select a meal that they want
to report and search foods for that meal on the right part of the screen. Upon selecting the food
from the search results the respondent is also asked to select the serving size of that food either
using a common measure or a photograph (Fig. 2.8). As the other two systems, for some foods
MyFood24 asks questions about common associated foods, for example, about milk in tea. In
the process of analysing the survey interface of MyFood24 for this thesis the system did not
request some information that the other systems did. For example, meal times, potentially missed
eating occasions in case of abnormally low number of meals / foods in the report or long time
gaps between the reported meals. The mean completion time of a single recall is 23 minutes in
ASA24, 19 minutes in in MyFood24 and 14 minutes in Intake24 [152, 39, 139].
The three dietary assessment systems reviewed in this thesis aim to include all foods in the
database that are available to a given population, which can be determined, for example, from
previous national dietary surveys or from surveying foods that can be purchased in supermarkets
of a given region [148, 154, 40]. A single food can be produced by multiple brands or may have
minor recipe variations. Thus, the selection of foods in the database of a system may exceed
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Fig. 2.8 Survey interface in Myfood24
the number of foods in a composition table that is used to estimate nutrient values of foods
reported by respondents. Therefore, in many cases, a single generic food record in the regional
composition table represents a range of foods in a dietary assessment system that have similar
nutrient content.
Although the database is updated to be as comprehensive as possible, there are still cases
when respondents might not be able to identify foods/drinks they had from the search results.
There are several reasons why foods may be missing from the database. Firstly it is a challenging
task to keep the food database up to date, especially when determining the nutrient content
of newly developed foods, and in a multi-cultural population context, respondents may report
home-cooked meals that are less common and therefore not in the database. Furthermore, there
might be a literacy issues whereby the respondent does not know the exact name of the food they
consumed. In these cases, Intake24 offers respondents to report a ‘missing food’ by pressing the
"I can’t find my food" button which takes the respondent to a form for reporting missing foods.
To allow administrators of the system to identify the missing food, the form asks various details
including whether the food was homemade; if not, details such as the brand name, a description
of the food/drink and details about portion size in a free text format are asked. Administrators
can later calculate nutrient data which can be added to the respondent’s recall. The food/drink
highlighted as missing can also either be added into the database if there is appropriate nutritional
data available, or it can be added and linked to an existing nutrient code [148]. When the
respondent knows the ingredients of the missing food, MyFood24 and Intake24 offer participants
to list compound foods along with their amounts in a recipe builder. Foods available to choose
in the recipe builder (e.g. vegetables and flour) have to be present in a system’s database. The
process of reporting portion sizes of compound foods follows the same procedure as that for the
normal foods with the additional option of reporting in grams (g).
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In the process of the development of Intake24, the team of researchers has found that it is
practically infeasible to keep record of all possible variations of sandwiches and salads in the
database up to date [148]. At the same time, nutrient content of these foods is highly dependent
on specific ingredients (e.g. bread, fillings, dressing). For this reason, the system offers custom
recipe builders for salads and sandwiches (Fig. 2.12). In contrast to the missing food recipe
builder, these two interfaces are triggered when the respondent types a food search query that
contains the word "sandwich" or "salad" in a local language. Another distinct feature of these
two interfaces is that the system asks about the ingredients in a guided order. For example, in the
sandwich builder the respondent is asked to select bread first, then the type of spread, then any
fillings and so on.
Fig. 2.9 Portion size estimation of blueberries in the survey interface of ASA24
Fig. 2.10 Portion size estimation of a banana in the survey interface of Intake24
2.3.3 Researcher interface
Intake24 researcher interface was initially designed for the research team behind the project to
maintain the ontology of foods. The ontology of foods in Intake24 consists of food categories
and specific food items (Fig. 2.14). For each food there needs to be defined a name in English
and in local languages, a unique identifier, a record in a composition table and portion size
estimation methods (Fig. 2.14, 2.15). If the food is commonly consumed with other associated
foods, those are linked in this interface as well (Fig. 2.16). This is to allow the system to prompt
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Fig. 2.11 Portion size estimation of salmon in the survey interface of Intake24
Fig. 2.12 Sandwich builder in the survey interface of Intake24
Fig. 2.13 Form for reporting a missing food in the survey interface of Intake24
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the user about associated foods (e.g. butter, cheese) once the respondent reports the linked food
(e.g. bread). For that an administrator needs to select associated foods and define questions that
are needed to be asked about them during the survey. The remaining features of the interface
were developed in the course of this thesis and are described in chapter 5.
Fig. 2.14 Food ontology in the researcher interface of Intake24
2.4 Challenges in online dietary assessment surveys
2.4.1 Heredity
Since Intake24 and similar dietary assessment systems mostly mimic the interviewer-led multiple
pass 24-hour recall procedure they do not seem to overcome methodological problems of a
self-administered dietary recall. Thus, they inherit most issues of the original method that lead to
errors in estimation of energy and nutrient intake [147]. For example, as with interviewer-led
methods, online dietary surveys are prone to omissions. In a recent evaluation of Intake24,
alcohol and spreads in particular were widely misreported [30]. Other 24-hour dietary recall
systems, such as ASA24 and MyFood24 have demonstrated similar characteristics to Intake24
[77, 154]. In an interviewer-led procedure, these memory errors and omissions can be minimized
by a trained interviewer who can probe the subject for additional details, where that is necessary.
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Fig. 2.15 Adding portion size estmination methods for coffee in the researcher interface of
Intake24
Fig. 2.16 Adding associated food questions for coffee in the researcher interface of Intake24
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In an online survey, this interviewer behaviour has to be emulated in a form of digital prompts
and reminders.
In their review of human errors in dietary intake recalls, Macdiarmid and Blundell have
broadly divided misreporting into unintentional and intentional [100]. Under-reporting of energy
intake is the most common form of misreporting and is one of the key factors affecting the
accuracy of dietary assessment [100]. Among the most common forms of unintentional under-
reporting are omissions due to poor human memory or lack of attention, which is especially
common in population groups with limited cognitive and/or memory function [83, 100]. Other
respondents may be not aware of the level of precision they need to describe their intake with
due to not receiving appropriate training before taking part in a dietary survey (e.g. missing out
sweeteners, sauces) [166]. This issue is particularly relevant for automated dietary assessment
surveys that lack the interviewer who can inform the respondent about the missing details at any
point of the survey. In should be noted that probing by an interviewer is still limited, for example,
with respondents who report home made meals that were not cooked by them and they do not
know the recipe details [159, 66]. Potential challenge for some individuals in recalling their
intake comes from recent changes in their diet due to illness, pregnancy, economic uncertainties
or due to intake of seasonal foods (i.e. episodical foods) [100, 159, 160]. Social desirability bias
commonly causes respondents of dietary assessment studies to deliberately and knowingly alter
their intake towards accepted societal norms [74, 101, 100, 94].
2.4.2 Usability
The use of online surveys for dietary assessment creates a range of challenges specific to
technology that may lead to under-reporting. Other dietary assessment methods based on
self-reported intake are known for causing under-reporting and participant dropouts due to the
complexity of procedure [100]. For example, in a study by Macdiarmid et al. the second most
common reason for under-reporting in a 7-day WFD pointed by respondents was the amount
of effort they had to invest into weighing and recording all foods [101]. The interviewer-led
procedure of the 24-hour recall is known to cause less burden compared to the WFD [77, 78, 100].
However, the use of online surveys makes the dietary recall self-administered and an overly
complicated user experience is an additional difficulty in giving accurate answers [63]. The
task of completing a survey requires a certain level of motivation from respondents [139]. The
complexity of the procedure can be affected by every task that is needed to be performed during
the survey including searching for specific food items [58]. A food name which the respondent
types in to a free text format to search for the food they ate may differ from how this food is
recorded in the system (e.g. typed ’pizza’ vs. selected ’hawaiian pizza’). If the respondent is
not able to readily identify the food they had in the list of food items returned in response to the
typed food name, they might select a different food or skip reporting the intake at all. Thus, even
a long list of search results or results that are not prioritized appropriately for a particular context
may affect the accuracy of a dietary assessment [58]. An extensive database that contains foods
with similar names (e.g. same name, different brand name) in combination with respondents
commonly mistyping food names may further complicate the issue. For example, at the moment
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of writing this thesis, search engines of MyFood24 and ASA24 demonstrated both examples of
surplus of foods and irrelevant foods on top of the search results (Fig. 2.17, 2.6).
The search engine of Intake24 in response to an arbitrary text query prioritises foods based
on two types of scores. The first score is the matching cost (i.e. similarity) of a food description
against the text query. The engine takes into account that the respondent could have not just
typed only a part of the food name but also misspelled it. For that reason, the matching cost
itself consists of multiple metrics that include the edit distance between matched words (the
approximate string matching is performed using Levenshtein automata [144]); phonetic similarity
of words (using a pluggable phonetic encoding algorithm that depends on the localization
language, e.g. Soundex or Metaphone for English [50]); the relative ordering of words; the
number of words not matched. The lower the calculated matching cost for the food name, the
better that food matches the search query. The second score that is used for sorting search results
is the likelihood of the food being reported, which is inferred from the number of times it has
been reported in the past. Thereby, the search engine first selects out food names that contain
similar words to the words that were typed by the respondent from all foods registered in the
system using the approximate string matching and phonetic similarity algorithm [144, 50]. On
the next step, the matched words are assigned with the matching cost and the likelihood of
being reported. Finally, the respondent receives search results of foods sorted by the decreasing
likelihood of being reported and then by the increasing matching cost.
Fig. 2.17 Food search results in Myfood24
2.4.3 Cultural and demographic contexts
Diets in different regions and cultures may vary in the type common foods, ingredients, portion
sizes and estimation methods (e.g. plates vs. handfuls) used. A dietary assessment survey could
also target a specific health condition (e.g. diabetes) or a diet (e.g. vegans). For those reason, a
scalable dietary assessment system should be able to adapt to those variations. The localization
procedure of Intake24 for a targeted population consists of two key elements. First, text in the
elements of the survey interface including reminding prompts are translated into a local language.
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The second step involves producing a database of foods along with portion size estimation
methods and nutrient contents adequate for a given context (e.g. regional, health specific). The
majority of food items are shared between multiple localizations in Intake24 and the names
of those foods are translated into languages of populations where the system is used. Food
items that are specific for the targeted context are identified based on data collected in previous
dietary assessment surveys and by surveying foods that are available in that context (e.g. local
recipes, websites of local supermarkets) [148]. Each food is then linked to a record in a local
food composition table that contains validated information about nutrient contents of common
foods available in a given region [54]. Such tables are, in most cases, obtained from local official
public authorities. For example, for the studies conducted in the UK Intake24 currently uses
the Nutrient Databank provided by Public Health England [148]. An example of such dataset
in the US are the Food composition databases (FCDB) maintained by the US Department of
Agriculture’s (USDA) [73]. Another element of the food database that can be context specific
and may require localization are the portion size estimation methods. As with the food items in
the database, there are a lot of estimation methods that are shared across different localizations
(e.g. glass, plate), however food packaging sizes may differ depending on the region. Moreover,
different cultures may have specific methods of serving foods. For example, in Tanzania food
is often consumed communally using hands from a shared household dish [173]. For those
reasons, Intake24 provides a protocol for surveying packaging and portion sizes for the targeted
contexts, adding them into the systems and linking with the foods in the database. Since one of
the methods of portion size estimation in Intake24 is based on photographs of predetermined
serving and packaging sizes those also have to be prepared and uploaded into the system.
To build a clear picture of a population’s diet, the analysis needs to cover a wide range of
socio-economic statuses and demographic groups with varying education levels. Recording
dietary intake requires some level of literacy and under-reporting has been linked with lower
levels of education [100, 159]. The use of technology in dietary assessment is characterized
by a range of additional limitations in populations with a low level of technological literacy
and/or with limited access to technology (e.g. computer, mobile device) [147, 129]. To report
their intake through the user interface subjects are required to have typing and spellings skills
[26]. Respondents in this case need to get additional training on using a computer or a mobile
device, accessing the Internet and addressing technical difficulties during a self-administered
dietary recall [147, 26]. In an interviewer-led procedure, a trained interviewer aims to minimize
errors caused by the lack of experience by carefully explaining the procedure to respondents,
guiding them through each step and probing for additional details, where that is necessary. An
online survey has to emulate that behavior. For that reason, Intake24 implements a range of user
experience elements that aim to assist dietary recall of respondents. For example, the first screen
that is displayed to respondents during the survey contains a video tutorial and instructions that
explain the required level of detail of a dietary recall. The instructions can also be edited to fit
with the purpose of a specific study. Another method for assisting the recall is the predefined list
of meals on the left side of the screen that includes common eating occasions (e.g. breakfast,
lunch, morning snacks). Respondents are not expected to report foods for all of those meals.
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They can delete any of them, edit their names or add new meals. The list aims to provide
examples and remind about common meals respondents can report for the previous day.
2.4.4 Evaluation of dietary assessment systems
The accuracy of dietary assessment systems is generally assessed by comparing it to that of
other assessment methods with a validated accuracy, for example, of the interviewer-led 24-
hour recall or of the gold standard method of assessing energy intake - DLW [78, 34, 30]. An
interviewer-led recall conducted following the completion of the online recall, in addition to
allowing estimation of the accuracy can help to identify food and drink items omitted during
the online recall [148]. This, for example, informs the development of targeted food prompts
and helps to reveal common foods missing in the database [148]. However, these methods only
establish the accuracy of the system and might not reveal issues affecting it, for example, issues
with the usability. Researchers behind Intake24, MyFood24 and ASA24 touched various aspects
of user experience with their systems [139, 51, 15]. One of the key methods used for eliciting
feedback were usability questionnaires. Such questionnaires normally give a list of statements
on various aspects of usability of the system and the user needs to agree or disagree with those
statements. An example statement can be "I would like to use this system frequently" and the
user is expected to give their answer on a scale from 1 for ’strongly disagree’ to 5 for ’strongly
agree’. The usability evaluation of ASA24 has also addressed the efficiency of different types
of photographs for the assessment of portion size (e.g. aerial photographs, angled photographs,
images of mounds, and household measures for portion size estimation), of image sizes (large
vs small), and of the number of images with different portion sizes [153]. The results of this
research indicate that no single image type significantly affected the accuracy of portion size
estimation but the use of 8 images resulted in a more accurate estimation than the use of 4 images
[153]. The usability analysis of MyFood24 was performed in two stages. The usability of the
beta version of the system was analysed in a study with 23 participants (various age groups) that
measured the average completion time of a recall and asked participants to complete a (generic)
System Usability Scale questionnaire [15, 32]. To evaluate the resulting improvements in the
first release version of the system another user testing session with 94 participants of various age
groups was conducted. Respondents completed the same usability questionnaire as before and
the mean recall completion time was compared to that recorded with the previous version of the
system. The evaluation resulted in the system usability score changing from moderate to good
as reported by adolescent and adult respondents but staying poor for elder respondents using
both versions. The research team behind Intake24 designed a feedback questionnaire to evaluate
the level of satisfaction with the system which was completed by 182 respondents [139]. Most
participants (80%) agreed that the system is user friendly and 84% disagreed that they would
require any assistance in using Intake24. Around 88% of respondents agreed that they were
able to complete the survey in a reasonable time. In the development of Intake24, in addition
to usability questionnaires the researchers used other techniques to maximise feedback from
respondents such as think aloud and eye tracking/screen grab software [148].
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Surveying or even interviewing users gives an invaluable insight into their experience with a
system. However, usability analysis that is solely based on user feedback risks being subjective.
Intake24 in addition to eliciting user feedback collects quantitative usage metrics from system
logs (e.g. number of times help button was pressed, number of reported missing foods, number of
times tutorial video was watched). However, to date these have not been utilized in a systematic
assessment of the usability of Intake24. None of the researchers behind other projects have
presented a framework with quantitative metrics for evaluating and refining the effectiveness
of key elements of their systems, for example, food search and associated food prompts. Such
a framework could play an important role in the analysis of performance and accuracy of the
system with newly developed and updated features (e.g. interface design, extended food database,
new localisations).
2.5 Improving the accuracy of online dietary assessment sur-
veys
By minimizing human involvement automated dietary assessment systems lack the intelligence
of a trained interviewer who can tailor their questioning to the food knowledge of the respondent
and help identify forgotten or misreported foods in a face-to-face interaction [30]. That is
somewhat addressed in automated dietary surveys by associated food questions that are being
entered into the system by researchers with nutritional background. However, manually going
through thousands of foods to identify and record all associations is prone to errors even with
highly trained and skilled dieticians.
Dietary assessment research has only explored a small number of technology-based methods
to assist respondents’ memory in self-reporting their intake. For example, various studies have
demonstrated that images captured by respondents using handheld devices or wearable cameras
can enhance the quality of self-reported dietary intake on individual level by revealing unreported
foods and misreporting errors [65]. However, no study has discussed the feasibility of image
assistance for large-scale dietary aseessment studies. No research was found while writing this
thesis that identifies ways to minimise intentional under-reporting of intake and along with
unintentional it is commonly detected using biomarkers and excluded. A less costly method
is to filter results based on confidence levels calculated using the so-called Goldberg cut-off
[127]. The benefits of this method are arguable though according to Wrieden et al. [170].
Detecting misreporting in already recorded recalls in general is a challenging task. For example,
genuine low-energy intake report caused by pregnancy, illness, diet, economic uncertainties
or irregular eating patterns or due to other reasons can be misclassified as a result of under-
reporting [100, 159]. For those reasons, a better strategy for addressing misreporting could be its
prevention.
Some data driven approaches could be borrowed from such online shopping and entertainment
systems as Amazon or Netflix to address under-reporting due to issues with human memory
and usability in dietary assessment systems [91, 67]. For example, an online retail website may
recommend items that the current user purchased previously but did not add into their virtual
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basket in the current shopping session. An online shop may also recommend items that are
often purchased by other consumers together with products that are already in the basket of the
current user. Algorithms that are responsible for providing those recommendation are called
recommender systems [91, 67]. An intake record in a dietary assessment system consisting of
meals and foods can be considered similar to a basket with products in an online shop. Thus,
recommender algorithms could be used to produce automated associated food prompts as well as
to improve the quality of search results based on foods that the respondent has already reported.
However, none of the existing dietary assessment systems found to be using such data-driven
approaches for recall assistance.
Common techniques for implementing recommender systems are collaborative filtering and
content-based filtering or a combination of these two methods. Collaborative filtering relies on
models that are generated from user behaviour data that describes interests of each individual (e.g.
giving ratings or purchasing items) [91, 67]. For example, items that were purchased by one user
can be recommended to other users with similar interests. In this case, similarity of user interests
can be determined from correlations in their purchasing history. The knowledge of demographic
profiles (e.g. age, gender, occupation) can improve the quality of those recommendations.
Content-based filtering provides recommendations based on similarities between items that are
based on their descriptors (e.g. similar content, same manufacturer, author, artist) [125]. Items
similar to previously purchased by the current user can be used as recommendations for them. In
the meantime, the lack of information about interests of a new user or the lack of ratings for a
new item limits the ability to generate recommendations with collaborative and content-based
filtering, which is known as the cold-start problem [146]. This issue is highly relevant to dietary
assessment systems since respondents use them for a short period of time to complete online
surveys. Such systems generally do not store any personal information about respondents to
address privacy concerns. These factors limit the application of conventional approaches to
recommender systems. However, Shaw et al. demonstrated that the cold-start problem can be
addressed using a data-mining technique called association rules mining. This method is applied
to large transaction datasets for discovering items that frequently appear together in a single
transaction [146, 11]. For example, it can be used for the so called market basket analysis task
that aims to discover items that are frequently purchased together [131]. Similarly, association
rules could be applied to dietary recalls to discover foods that are commonly reported together in
a single meal and use those rules as associated food prompts in dietary assessment surveys.
Holding accurate memories of foods, drinks and serving sizes even for a day is a challenging
task especially for people with limited cognitive and/or memory function [24, 84]. Shortening re-
tention interval, the time between the intake and the interview (i.e. recall), has been demonstrated
to improve the accuracy of intake recall among children [22, 23]. The study of the effects of the
retention interval also revealed that the highest correspondence rate for energy and macronutrient
intake was observed for the interviews conducted in the afternoon and in the evening for the
immediate prior 24 hours, and the lowest for the previous day (midnight to midnight) recalls
conducted in the afternoon and in the evening [22]. This work has examined the correlation
between the retention interval and the accuracy of reporting energy and macronutrient intake
only among children and is yet to be replicated for other age groups. Since automated dietary
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assessment is more flexible compared to conventional face-to-face interviews, it could allow fine
tuning (including shortening) of the retention interval. For example, a respondent could be asked
to report a single meal right after the intake rather than reporting all meals for the previous day
in the morning. Nevertheless, Intake24, MyFood24 and ASA24 generally offer respondents to
report their intake for a previous day at any time during the next day.
Research in participatory engagement in crowdsourcing tasks and online surveys indicates
that participants that see a personal value in accurate survey results may feel more motivated to
provide reliable responses [96, 115, 130]. Hence, intentional misreporting could be potentially
addressed by creating survey conditions, where respondents of a dietary survey are personally
interested in its accurate outcomes. In the context of dietary assessment such a condition could
be the provision of dietary feedback about nutrient intake of respondents and the quality of
their intake at the end of a survey. This assumption is based on a growing interest of people in
technologies that facilitate tracking and understanding information related to their health and
personal well-being generally referred to as personal informatics [45, 62]. The information
collected by a dietary system about a respondent’s intake is broken down into the values of
consumed nutrients (e.g. free sugars, saturated fat). By applying certain calculations and
recommendations from health care services (e.g. NHS) the system can tailor dietary feedback
to advise the respondent to try to promote healthier eating and cooking practices or it could be
used to assess specific clinical intervention targets with those with diseases which can be aided
by diet (e.g. diabetes). Aside from using tailored dietary feedback as a driver for participatory
engagement, it could be used for developing nutrition knowledge of a surveyed population
[48, 171, 120]. Nutrition knowledge can be described as a theoretical or practical understanding
of relationships between nutrition and health, this particularly applies to the understanding of
relationships between diet and health, diet and disease, awareness of major sources of nutrients,
dietary guidelines and recommendations [108]. Despite health care services making efforts in
educating populations and adopting such measures as detailed food labelling and diet-related
public health interventions the vast majority of people are not aware of their aggregated nutritional





The Literature Review covered in chapter 2 examined the composition of existing systems
for conducting online dietary assessment surveys and discussed the three major factors that
negatively affect the accuracy of these systems. Those are issues with human memory, motivation
of survey participants, and usability of the survey interface. The chapter discovered three research
opportunities that were translated into three key research questions. The literature review also
revealed a need for a usability framework for evaluating the efficiency of implemented methods.
This chapter reviews research activities that were undertaken to evaluate new methods for
improving the accuracy of dietary assessment and inform research questions defined in this
thesis. Each of these research activities compares two versions of Intake24. The first version is
the system in its current state with validated accuracy [30]. The second version is the system
that implements the new method. The accuracy of results produced by each version of the
system individually is NOT the primary goal of this comparison. The research activities look
for deviations in performance metrics of the updated system from its validated state. Should
a deviation that supports a hypothesis be found, the new method can then be validated on a
larger scale and/or with more precise methods (e.g. direct observations, nutrient biomarkers)
[77]. This chapter also describes a usability framework that was developed to provide quantified
metrics and tools for monitoring, analysing and refining the performance of implemented recall
assistance methods. Lastly, the chapter provides an overview of software modules developed for
Intake24 that supported research activities described in the course of this thesis.
3.2 Research activity 1: Development of the recommender
system based on pairwise association rules (RA1)
This research activity informs the answers to RQ1 and RQ2. Two of the main contributors
of under-reporting in automated dietary assessment are discussed in chapter 2. Those are
omissions due to inability of respondents to retain all necessary details about their intake in
their memory, and the complexity of a task of identifying specific food items in a large database
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of foods (i.e. searching foods). The chapter proposed addressing both issues by applying a
recommender algorithm to past survey responses collected in the system to mine a model of
foods commonly eaten together. Intake24 could then use that model to prompt respondents about
possible forgotten foods and to improve the prioritization (i.e. sorting) of foods in search results
based on foods already reported by the respondent. In the development of the recommender
algorithm existing approaches designed for addressing similar tasks were reviewed. That is
producing recommendations in the context of a system that lacks personal user profiles based on
transactions from all users. Chapter 4 then proposed a new alternative method for mining pairwise
association rules designed specifically for this task. The comparison of candidate algorithms
is performed using data collected in past real-life dietary surveys conducted in Intake24. This
data is essentially a list of meal records collected from respondents. Each meal record consists
of the meal name (e.g. “breakfast”), time, a list of food identifiers (e.g. toast, boiled egg,
orange juice) and search queries in a free text format that were entered to seek for those foods
(e.g. egg). The performance of the algorithms was analysed through the metrics concerning
associated food prompts described in section 3.6. These metrics initiated the developement of
the usability framework for validating recall assistance methods that is covered in section 3.6.
The development of the recommender system and the results of this research are described in
chapter 4.
The participants and the researchers who took part in past Intake24 surveys have not given an
explicit consent for the data collected in these surveys to be used for the current research activity.
For that reason, this research activity considered the risks of respondents being identified and
exposed in an unlikely event of an unauthorized access to the data used in this study. Intake24
generally does not collect and store personally identifiable data (e.g. name, email) to avoid
concerns related to General Data Protection Regulation (GDPR) [165]. Thus, this research
activity had no access to such data. Each respondent visits the system on average 3 times,
meaning that user identification through eating patterns is unlikely. Thus, the data used in this
research activity was considered to be non-personal. The use of non-personally identifiable data
collected in past dietary surveys using Intake24 for the validation of the recommender system
received ethical approval from the Newcastle University Research Office (Ref: 1377/2017). This
research activity received an additional consultation and approval from the Faculty of Science,
Agriculture & Engineering (SAgE) Ethics Committee.
3.3 Research activity 2: Deployment and evaluation of recall
assistance methods (RA2)
This research activity informs the answers to RQ1, RQ2 and RQ3. Another method of recall
assistance discussed in chapter 2 is reducing the burden on a person’s memory by shortening
the period of time between their intake and recall (i.e. retention interval). Based on that this
thesis proposed changes to the 24-hour recall procedure that allow reporting meals for the
day progressively. The progressive 24-hour recall procedure along with the associated foods
recommender algorithm that was developed in chapter 4 were implemented in Intake24. Both
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methods of recall assistance were validated independently in real-life settings in a study, where
the performance of the system with each of the implemented methods was compared to that with
the current state of the system (24-hour recall with hand-coded food prompts). The performance
was analysed through the metrics defined by the usability framework that was finalized in this
research activity and that is described in section 3.6 of this chapter. To inform the answer to the
RQ3 respondents were also presented with two versions of tailored dietary feedback.
To get more insights into the effects of the implemented methods on user experience with
the system this research conducted interviews with participants of the study. Interviews were
transcribed and thematically analysed [31]. During the thematic analysis sections of transcribed
interviews were highlighted and coded with labels that described their content. Codes were then
used to identify patterns in the interviews that were then used to identify broader themes related
to the acceptability of the progressive 24-hour recall procedure and the usability of tailored
dietary feedback. The emerged themes from the analysis informed answers to RQ1 and RQ3. The
study received ethical approval from Newcastle University Research Office (Ref: 4971/2018).
The outcomes and findings from this research activity are described in chapters 5 - 7.
To recruit participants for this study the procedure disseminated an advertisement describing
the purpose of the study and a web form to register interest via the University internal email
system. Individuals had to complete the web form to volunteer for the study and were asked
to circulate the invitation to their relatives and friends for participation. The first page of the
registration form presented more details about the study and an informed consent form, where
all conditions had to be accepted to be able to register. As part of the registration process
potential participants were asked to provide their contact details (e.g. name, email, phone
number and an age range). This study aimed to follow the original procedure that was used in
previous validations of Intake24 [30, 139] and asked participants to record their for the previous
day. To help respondents to follow the procedure they were asked about their preferred times
to receive reminders about completing a dietary recall. To be able to take part in this study
individuals had to be over 18 years old, speak English, have a diet that is common for the UK.
To minimize the likelihood of variations in diets of respondents affecting the results of the study
they were informed that it is important to avoid changing their diet during the study. Participants
were informed that they can withdraw from the study at any time. For completing the survey
participants were offered a £30 Amazon voucher. Recruitment resulted in 50 participants, of
whom n = 26 were men and n = 24 were women. One female participant chose to withdraw
during the study. The participant’s ages ranged between 18 and 64 years.
The study was conducted over a six-week period with a separate group of participants
in every two weeks. Each group of participants was asked to complete their recalls on two
consecutive weeks. On one week participants were asked to complete five recalls (Monday -
Friday) following the existing 24-hour recall procedure. During the first three days (Monday -
Wednesday) the system presented associated food prompts of one type and in the remaining two
days (Thursday - Friday) prompts of the other type. The study resulted in the system displaying
food prompts hand-coded by researchers in the first three days of this week to n = 19 participants.
For n = 30 participants the system displayed hand-coded food prompts in the last two days. On
the other week respondents were asked to complete three consecutive recalls following the new
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progressive 24-hour recall method. For n = 34 participants the original 24-hour recall was used
on the first week and the progressive recall was used on the second week. With the remaining
n = 15 participants the two methods were applied in the reverse order. The first day of each
week was used to minimize the learning effect by familiarizing participants with the interface of
the system and the procedure, and was excluded from analysis. The prevalent approach to the
multiple-pass 24-hour recall method suggests that respondents should complete their recalls on at
least three non-consecutive weekdays and one weekend day to capture their habitual intake [77].
However, since the primary goal of this research is the comparison of the new recall assistance
methods, this was not considered necessary for this study. For that reason, no recalls of weekend
intake were used during the analysis. Respondents were informed about the schedule of their
recalls two days before the first one, which could affect their diets. However, the procedure
assumes that this factor affects the accuracy for all types of recall. Thus, if there is a difference
in the accuracy of the methods, it still can be observed.
When participants were surveyed using the original 24-hour recall method, they received
automated reminders by email and SMS in the morning to submit their intake for the previous
day. When the progressive 24-hour recall method was used, participants received three reminders
to add meals into the system - in the morning, in the afternoon and in the evening. The next
morning, they received the last reminder to record late snacks and drinks, if they had any, and
to complete their submission. Reminders were set through a researcher interface of Intake24
and circulated at the preferred times specified by respondents during registration for the study.
Participants were asked not to record their meals elsewhere (e.g. notepads) to aid their recalls.
3.4 Research activity 3: Deployment of a recommender sys-
tem for prompting omitted foods in a large-scale dietary
assessment survey (RA3)
This research activity provides additional data for answering RQ2. To further examine the
performance of the associated foods recommender system as a method of recall assistance it
was deployed in a large-scale dietary survey. This dietary survey was conducted as part of a
weight loss campaign Newcastle Can [5] that aims to cut down obesity levels in the North East
of England. The campaign resulted in a series on BBC One "Britain’s Fat Fight with Hugh
Fearnley-Whittingstall" [3]. The campaign has its own website that describes information about
the campaign, gives tips on healthy eating and provides a weight loss diary to track progress of
participants of the campaign [5]. The website also offers participants to get feedback about their
diet using Intake24. Participants in this survey were not paid. To access Intake24, participants
had to first click a corresponding button in their Newcastle Can personal profile page. Before
they were redirected to Intake24 a modal window was displayed informing participants that
they are transferred to an external website and by proceeding they accept the privacy policy
of Intake24. The privacy policy informs a reader that anonymized and aggregated information
may be subject to processing for scientific purposes and used as a basis for publications (Fig.
3.6). All user data that is received from Newcastle Can and that is stored in Intake24 does not
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contain any personally identifiable information (e.g. name, date of birth). The performance of
the recommender system was analysed through usability metrics described in section 3.6 of this
chapter. Integration of Intake24 with the Newcastle Can website is described in section 3.8.1
of this chapter. During the dietary survey created for the campaign recalls were assisted by the
associated foods recommender algorithm and without it. The evaluation of the associated foods
recommender algorithm in the dietary survey created for the campaign was conducted under
ethical approval from Newcastle University Research Office (Ref: 9232/2018). The results of
this work are described in chapter 5.
3.5 Research activity 4: Deployment of a tailored dietary feed-
back system in large-scale dietary assessment surveys (RA4)
To inform the answer to RQ3 of this thesis a tailored dietary feedback system was deployed in
Scottish Health Survey 2018 that was conducted by the Food Standards Scotland. Participants
received £20 for completing two recalls. To avoid changes in diets of respondents the feedback
was displayed only after completing the expected number of recalls. This research was performed
under ethical approval from Newcastle University Research Office (Ref: 1377/2017) and with
the permission of Food Standards Scotland. The results of this research activity are covered in
chapter 7.
3.6 Usability framework
The usability framework that is used for the evaluation of recall assistance methods implemented
in this thesis is based upon five quality components characterising usability of a system interface
defined by Jakob Nielsen [119]. These are learnability, efficiency, memorability, errors and
satisfaction. The section covers these components in the context of dietary assessment systems:
• Learnability: ease of navigating through and understanding the features of the system
interface necessary to complete basic tasks that in this case are primarily completing a
dietary survey and understanding dietary feedback by a respondent.
• Efficiency: accuracy and speed of a survey completed by the respondents that are familiar
with the system; broadened nutrition knowledge from dietary feedback and more informed
attitude to their eating habits.
• Memorability: changes in efficiency of tasks completed by the respondent after a period of
non-use.
• Errors: number of errors respondents make (e.g. misreporting or forgetting foods, misun-
derstanding of the dietary feedback), severity of the errors and the ease of recovering from
errors.
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• Satisfaction: respondents’ subjective feeling of appreciation of the system interface and
positive emotion induced by the interaction with it.
The research interest of this thesis primarily concerns the development of methods for assist-
ing dietary recall of respondents and for their participatory engagement through the provision of
tailored dietary feedback. This thesis assumes that those methods mainly improve efficiency,
reduce the error rate and improve satisfaction of respondents in dietary assessment systems. For
that reason, the main goal of the usability framework developed for this thesis was to evaluate
those three characteristics. However, the framework can be extended to analyse changes in
learnability and memorability as well.
This research uses explicit and implicit metrics for analysing efficiency, error rate and
satisfaction. Explicit metrics directly measure the performance of an implemented method. For
example, the work described in chapters 4 and 5 as the measure of the accuracy of associated food
prompts generated with a recommender algorithm uses the number of accepted/rejected prompts
by respondents. The research measured the mean time it took respondents to complete a single
recall to analyse how different types of food prompts affected the speed of survey completion.
Implicit metrics are indirect indicators of the usability performance of the system based on a set
of assumptions. These metrics are used where explicit metrics are not available. For example,
a study by Lopes et al. with 83 adults aged between 20 and 60 years demonstrates that the
interviewer-led multiple-pass 24-hour recall underestimates energy intake on average by 33%
compared to that measured with DLW [97]. Validation of Intake24 demonstrates underestimation
of energy intake by 1% compared to the interviewer-led method [30]. For those reasons, in
analysing the benefits of a short retention interval for automated dietary assessment chapter 6
measures the mean number of reported foods and estimates the mean energy per recall assuming
that an increase in those characteristics within 34% may indicate of an improved accuracy.
Another example of an implicit indicator is using the average number submitted recalls per
respondent to analyse the level of engagement of respondents with a dietary survey that presents
dietary feedback in chapter 7. This metric assumes that respondents who submit a larger number
of recalls than that which was required are more engaged with the survey. Table 3.1 lists all
metrics that were used in the course of research for this thesis
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Mean energy re-
ported per recall /
meal
Implicit Accuracy of dietary
assessment
The mean energy value per recall / meal




Implicit Accuracy of dietary
assessment
The mean number of foods reported by
respondents per recall / meal
Survey completion
time
Explicit Speed of survey
completion
The mean time it takes for a respondent
to complete a single recall
Mean number of re-
calls
Implicit Engagement with a
survey
The mean number of recalls submitted by
a single user in a survey
Table 3.1 Usability metrics used for evaluating methods of memory assistance and participatory
engagement
The selected metrics are measured in a series of offline and online experiments. Offline
evaluation is performed on data collected from previous surveys. For example, in the development
of automated associated food prompts chapter 4 evaluates candidate algorithms on a dataset
of 20,000 meals reported in Intake24 that was used to simulate respondents’ omitted foods.
The performance of candidate algorithms is analysed by plotting their precision-recall (PR)
curves [47]. In case of this work, precision is the number of foods correctly predicted by the
algorithm (foods were reported by the respondent during their recall) divided by the number of
all recommendations from the algorithm (includes foods that were reported by the respondent).
Recall is the number of foods predicted correctly by the algorithm divided by the number of
all foods reported by the respondent (includes foods that were not predicted by the algorithm).
By changing the number of recommendations returned by the algorithm one can change its
precision and recall. For example, the algorithm can return all possible foods, which will likely
predict all foods selected by the respondent and will result in high recall. In the meantime, if
such prediction mostly contains food items that were not reported by the user, it is characterised
by low precision. PR-curves are built by gradually increasing the number of recommendations
produced by each algorithm, calculating precision and recall at each threshold and using them as
coordinates on a graph. The algorithm is then selected by the largest area under its PR-curve,
which demonstrates a combination of high precision and recall across all thresholds. As another
performance metric for the recommender algorithm this work analyses the ranking quality of
recommendations, which is represented by Normalized Discounted Cumulative Gain (NDCG)
[33]. The value of NDCG depends on the position of correctly predicted recommendations in the
list of all recommendations. The higher the food items that were reported by the respondent are
positioned in the list of all recommendations produced by the algorithm, the higher the NDCG is.
In online evaluations the implemented methods are deployed in real-life dietary surveys. The
performance of those surveys is compared to a survey without any modifications (i.e. A/B testing).
For example, after performing an offline evaluation of automated associated food prompts they
were compared to food prompts hand-coded by nutritionists and dieticians in a study that involved
real-life dietary surveys and is described in chapter 4. To measure the significance of deviations
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between the metrics measured for surveys with and without modifications this research uses
Mann-Whitney U test. This non-parametric test of the null hypothesis is selected due to its lack
of requirement of data being normally distributed [103, 114]. Thus, it allows this research to
avoid testing data for normality. To visualize differences in quantitative metrics this work uses
histograms and probability density plots.
In addition to quantitative metrics this research gathers qualitative data around user experience
mainly from two sources. The first source are user interviews with participants of dietary surveys,
where the new methods are applied. With permission from respondents interviews are audio
recorded. The second source is feedback that respondents can leave in the system after completing
a survey. Reflections from respondents are transcribed and thematically analysed to harvest
topics that concern usability and acceptability of implemented methods [31].
3.7 Development of the survey interface
To conduct research studies and collect the data for the analysis that answers research questions
of this thesis a set of essential but missing modules in Intake24 were designed and implemented.
In addition to that some of the existing modules were revised. The key modules and features that
were developed in the course of producing this thesis are:
1. Behaviour data collection
2. Survey participants notification
3. Survey state synchronisation
4. Survey administration
5. Portion size images administration
6. Interface for linking food records in the ontology of Intake24 to records in regional
composition tables
7. Interface for managing portion size estimation methods of foods in the ontology of Intake24
8. Interface for managing food prompts in surveys
3.7.1 Behaviour data collection module
This section covers the behaviour data collection module that captures events related to user
experience with the survey interface. Information contained in those events describes the state of
the survey interface and is used to produce metrics defined in section 3.6 of this chapter. The
module consists of two parts, the front-end and the back-end.
The front-end component of the module is embedded into the survey interface of Intake24
and provides an API for software developers for sending events to the back-end. Events are
triggered by the respondent interacting with the survey interface. For example, accepting /
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rejecting food prompts, searching foods, etc. The back-end component defines a list of accepted
events and a web API for collecting and storing them in the system database. Since sending
events takes considerably large amount of HTTP requests and space in the database the collection
of events is activated only for specific surveys. For the same reason the range of collected events
is currently limited to those concerning the usability of recall assistance elements of the survey
interface. The list of events can be extended depending on the purpose of a study. Currently the
system accepts the following events:
SearchResultsReceived. Respondent received a list of foods and categories in response
to a search query in a free text format.
BrowseCategoryResult. Respondent received a list of foods and categories in response
to selecting a food category in the list of search results, or in response to selecting "Browse all
foods".
SearchButtonClicked. Respondent pressed "Search again" after receiving the list of foods
and categories.
CantFindButtonClicked. Respondent pressed "I can’t find my food" after receiving the
list of foods and categories.
BrowseAllFoodsButtonClicked. Respondent pressed "Browse all foods" after receiving
the list of foods and categories.
BrowseBackButtonClicked. Respondent pressed "Go back to search results" while brows-
ing a food category, or the ontology of foods.
SearchResultSelected. Respondent selected a food or a category in the list of foods and
categories.
ManualAssociatedFoodReceived. Respondent received a hand-coded associated food
prompt.
ManualAssociatedFoodConfirmed. Respondent accepted a hand-coded associated food
prompt.
ManualAssociatedFoodRejected. Respondent rejected a hand-coded associated food
prompt.
ManualAssociatedFoodAlreadyReported. Respondent pressed "Yes, I have already en-
tered it" in an associated food prompt.
AutomaticAssociatedFoodsReceived. Respondent received an automated associated
food prompt.
AutomaticAssociatedFoodsResponse. Respondent submitted a response for an auto-
mated associated food prompt.
Events are accepted by the web API in a JSON format. The description of every event
has a header. The header consists of the type of event; date and time on the device of the
respondent, when the event was dispatched; a unique identifier of a recall session sessionId.
The description of the event may optionally carry data relevant for that particular type of event.
The full list of properties of events that are stored in the database of Intake24 by the behaviour
data collection module is described in Tables 3.3-3.25. To describe some data types in tables (e.g.
Option[T], Either[T1, T2]) this chapter uses data types from the programming language
Scala version 2.12.4.
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A sequence of events with the same sessionId can be used to extract various perfor-
mance metrics about individual elements of the survey interface. For example, from the
SearchResultsReceived event and SearchResultSelected we can see that a respondent
has selected a food in the list of search results and we can measure how long it took. If we
observe the SearchButtonClicked between those events, that means that the respondent had
complications with finding their food and had to refine their search query.
Property Data format Description
eventType String Unique identifier of the event type
eventCategories List[String] List of event categories / tags (e.g. search, associated food
prompts). Used for filtering events in the system database
created ZonedDateTime Local date time on the Intake24 server, when the event
was created
sessionId UUID Unique identifier of a recall session in the survey interface.
Events created during a recall of the same respondent have
the same sessionId
userId Long Unique identifier of a respondent who created the event.
localTimestamp Long Timestamp representing local date and time on the device
of a respondent used for completing the survey, when the
event was sent to the server.
Table 3.3 Header of a usability event in Intake24
Property Data format Description
query String Text query entered in the search field at the time when the
event had been created.
algorithmId String Unique identifier of an algorithm used for sorting list of
foods and categories.
existing List[String] List of unique identifiers of foods reported in the current
meal, when received the list of foods and categories.
result LookupResult List of foods and categories received in response to search
query or selecting a food category.
Table 3.5 Properties of SearchResultsReceived usability event
3.7.2 Implementation of the associated foods recommender algorithm
The associated foods recommender algorithm was developed as a recall assistance method in
large scale population dietary surveys. To evaluate the algorithm in real-life settings it had to
be integrated into Intake24, deployed in a dietary survey and compared to the performance of
the system without the algorithm. The algorithm was implemented as an additional feature
that can be activated for some surveys. When this setting is active the system replaces hand-
coded associated food prompts with those generated by the algorithm. Chapter 5 provides more
details about the study evaluating the algorithm including user interface design developed for the
associated food prompts generated by the algorithm. One of the key challenges in the integration
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Property Data format Description
categoryCode String Unique identifier of category selected in the list of foods
and categories.
algorithmId String Unique identifier of an algorithm used for sorting list of
foods and categories.
existing List[String] List of unique identifiers of foods reported in the current
meal, when received the list of foods and categories.
result LookupResult List of foods and categories received in response to search
query or selecting a food category.
Table 3.7 Properties of BrowseCategoryResult usability event
Property Data format Description
query String Text query entered in the search field at the time when the
event had been created.
Table 3.9 Properties of SearchButtonClicked usability event
Property Data format Description
selectedFood Option[FoodHeader] Description of a selected food in the
list of foods and categories.
selectedCategory Option[CategoryHeader] Description of a selected category in
the list of foods and categories.
selectedIndex Int Index of a selected food or category
in the list of foods and categories.
Table 3.11 Properties of SearchResultSelected usability event
Property Data format Description
food FoodHeader Description of a food that triggered a hand-coded associ-
ated food prompt.
prompt AssociatedFood Description of a hand-coded associated food prompt.
Table 3.13 Properties of ManualAssociatedFoodReceived, ManualAssociatedFoodRejected and
ManualAssociatedFoodAlreadyReported usability events in Intake24
Property Data format Description
food FoodHeader Description of a food that triggered a hand-coded
associated food prompt.
prompt AssociatedFood Description of a hand-coded associated food
prompt.
givenFoods List[FoodHeader] List of food descriptions that user has already re-
ported in the moment of accepting a hand-coded
associated food prompt.
selectedFood FoodHeader Description of a food that was selected after accept-
ing a hand-coded associated food prompt.
Table 3.15 Properties of ManualAssociatedFoodConfirmed usability event
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foods List[FoodHeader] List of food descriptions that user has
already reported in the moment of re-
ceiving a generated associated food
prompt.
suggestedCategories List[CategoryHeader] List of food category descriptions re-
turned by the system in a generated
associated food prompt.
Table 3.17 Properties of AutomaticAssociatedFoodsReceived usability event
Property Data format Description
foods List[FoodHeader] List of food descriptions that user has
already reported in the moment of re-
ceiving a generated associated food
prompt.
suggestedCategories List[CategoryHeader] List of food category descriptions re-
turned by the system in a generated
associated food prompt.
selectedCategories List[CategoryHeader] List of food category descriptions
selected by the respondent after re-
ceiving a generated associated food
prompt.
Table 3.19 Properties of AutomaticAssociatedFoodsResponse usability event
Property Data format Description
foods List[FoodHeader] List of food descriptions in response to user
query or selecting a food category.
categories List[CategoryHeader] List of category descriptions in response to
user query or selecting a food category.
Table 3.21 Properties of LookupResult data format
Property Data format Description
code String Unique identifier of a food or a category.
localDescription String Description of a food or a category.
Table 3.23 Properties of FoodHeader and CategoryHeader data formats
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Property Data format Description
foodOrCategoryCode Either[String, String] Unique identifier of a food or
a category in a hand-coded as-
sociated food prompts. Left of
Either data type is a food identi-
fier, Right - category identifier
promptText String Text of a hand-coded associ-
ated food prompt (e.g. "Did
you have sugar in your cof-
fee?").
linkAsMain Boolean foodOrCategoryCode is the
identifier of the triggering food
of the prompt.
genericName String Generic name of food specified
in foodOrCategoryCode.
Table 3.25 Properties of AssociatedFood data format
of the algorithm into the system was avoiding negative impact on the performance of the web
server of the system. The mining process for analysing all recalls in the system and building
association rules takes a considerable amount of time. For that reason, the mining was scheduled
to run only at night, when the system is not actively used. Recalls reported during the next day
were progressively added to the recommender model. For the study conducted in chapter 5 the
recommender model was trained only on recalls reported in the UK. In the process of building
the model, the system used only recalls from surveys that were considered to be representative
of eating behaviour of the population based on their size and purpose.
3.7.3 Implementation of the progressive 24-hour recall
To evaluate short retention intervals as the method of recall assistance in automated dietary
surveys this thesis developed the progressive version of the 24-hour recall method in Intake24.
The new procedure that is described in chapter 6 allows respondents recording their meals
progressively during the day as opposed to recalling all meals for the previous day the following
morning. The new method is implemented as an additional feature that can be activated for
selected surveys. Thus, the work that is described in chapter 6 compares the accuracy of dietary
recalls reported with the original 24-hour recall method to those produced with the progressive
24-hour recall.
3.7.4 Dietary feedback module
Dietary feedback presented at the end of a dietary recall was a long-requested element by
respondents of Intake24. As discussed in chapter 2 offering dietary feedback could potentially
motivate participation of respondents and improve the accuracy of dietary assessment. Provision
of dietary feedback in Intake24 also allowed it to be used in the Newcastle Can campaign.
Nutrient rules for Intake24 Nutrient Feedback system were developed in collaboration with
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the Newcastle University Human Nutrition Research Centre. The rules are implemented as
ranges of low, slightly low, good, slightly high and high intakes for various nutrients based on
the Eatwell Guide, UK dietary reference values and the individual’s physical characteristics
that are voluntarily provided upon them requesting the feedback [35, 1]. These include gender,
age, height, weight, weight target (maintain, lose or gain weight) and self-assessed physical
activity level. Feedback is given for macro- and micronutrients including energy, fat, saturated
fat, non-milk extrinsic sugars, protein, Englyst fiber, carbohydrate, calcium, vitamin C and A.
Intake24 has the ability for feedback on other nutrients to be added to the system, if required.
The interface also provides feedback on the respondent’s consumption of red meat, as well as
feedback on the number of portions of fruit and vegetables in relation to the five a day guidelines
and details on the carbon footprint of the respondent’s diet. The design of the presentation of the
nutrient feedback assumed no specific diet related health conditions.
The thesis developed two styles of dietary feedback. The first is designed as a set of characters
representing the selected nutrients, for example, a battery for the energy intake or a burger for
the saturated fat intake. The characters show different sentiments (for example, sad or happy)
depending on the calculated ranges (for example, low or good, respectively). In the second
design of the feedback each nutrient is represented with a photograph of a food that is a source of
the corresponding nutrient. In both designs of feedback users are given extracts of information
related to the listed nutrients with links leading them to reliable sources containing more details
on the topic, such as the NHS website. The feedback also lists foods reported by the individual
that are highest in calories, saturated fat, added sugar and sums up their total intake to assist
people in weight loss and the consumption of these nutrients. To get an insight into user
experience the dietary feedback web page includes a widget that allows users to express their
opinion by pressing ’like’ or ’dislike’ button and adding a comment about their experience. The
development of the feedback is described in chapter 7.
3.7.5 Respondents notifications module
The aim of the notifications module is to maximize participation during the studies conducted in
the course of this thesis and encourage respondents to report their intake at the times determined
by the procedure (e.g. 24-hour recall, progressive recall) and enable the following use case.
Respondents register for a study through a web form. As part of the registration, they are asked
about their preferred times of going through a dietary recall within the limits determined by
a procedure of a study. For example, for the study examining the progressive manner of the
24-hour recall described in chapter 6 participants are asked about times for morning, afternoon
and evening notifications. The registration form also asks them to provide their mobile phone
numbers and emails. The notifications module provides a web API for uploading collected
responses to create a schedule of notifications for each individual respondent. On days of a study
at the times specified by respondents the system sends notifications to respondents inviting them
to report their meals. Notifications are sent to respondents by SMS and email. The message in
such a notification contains a URL unique for the respondent receiving it. Once the respondent
clicks on that URL they are transferred to the survey and automatically login to the system. If
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the respondent does not login to the system within a configurable period of time, the system
sends another notification.
3.7.6 Survey state synchronisation for respondents
The existing architecture of Intake24 assumes respondents completing a 24-hour recall in the
morning for a previous day using a single device. For that reason, to minimise the number of
HTTP requests, the usage of storage and other server resources the state of respondent’s recall in
the survey interface is first saved in the respondent’s browser. Once the respondent completes
the survey the full set of their answers is sent to the server. However, while planning the study
for the evaluation of the progressive recall described in chapter 6, respondents were anticipated
to start their recall on one device but complete it on another. For example, the respondent might
start their recall in the morning at their work place on a computer and finish it at home on their
mobile device. For that reason, a survey state synchronisation module was developed that saves
the state of the survey interface on the Intake24 server and propagates that state to all devices of
the respondent.
3.8 Development of the researcher interface
A number of activities related to administration of Intake24 as well as to the administration of
independent studies conducted within the system had to be performed through various command
line interfaces by a software engineer. To make the system more accessible for researchers,
clinicians, or educators for registering, configuring, and monitoring studies without a technical
background the most commonly used command line tools were replaced with graphical user
interfaces. This section gives an overview of the developed modules.
3.8.1 Survey administration module
Most administration tasks for dietary assessment surveys in Intake24 had been done through
a command line interface. For example, to create a survey and user accounts for respondents
researchers had to produce a spreadsheet in a specific CSV format and pass it to a software
engineer. The software engineer then created the survey and uploaded user accounts to the
server. After the survey was finished the results had to be downloaded by the software engineer
via a command line interface and passed back to researchers. To make survey management
possible for people without a technical background this thesis designed and developed a survey
administration tool in the researcher interface of Intake24.
With the new module a user with administrator rights in Intake24 can now create a survey
and give administrator access to an external researcher limited only to that survey (i.e. survey
administrator). The survey administrator can then define the duration of the survey, start / pause
it, upload a spreadsheet with respondent accounts and manage those accounts (e.g. change
passwords, add contact details) (Fig. 3.1, 3.3). Responses from participants can be downloaded
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by the survey administrator at any point during the survey (Fig. 3.3). Survey administrators can
also create new users with administrator rights limited to their survey.
Another key feature enabled by the module is the survey welcome page manager tool that
allows editing the contents of the first page in the survey interface. This tool was, for example,
used as one of the channels to communicate changes from 24-hour to a progressive recall
procedure in chapter 6 (Fig. 3.4) or to add branding and description for the survey that was used
in the weight loss campaign Newcastle Can (Fig. 3.5) [5]. The campaign also motivated the
development of an integration API for authenticating users from the campaign website. The
organisers of the campaign wanted to use Intake24 as a tool for giving dietary feedback to
their participants. For this thesis it was an opportunity to evaluate the dietary feedback module
described in chapter 7 and the associated foods recommender algorithm described in chapter 4.
The integration API developed for the Newcastle Can campaign allowed authenticating users
from their website in Intake24 and passing physical information necessary to calculate dietary
feedback for them (i.e. weight, height, gender, age). To use the API the Newcastle Can website
authenticates with a username and a password and is given administrator rights limited to a
survey that was created specifically for the campaign.
Fig. 3.1 Survey parameters in the survey administrator interface of Intake24
3.8.2 Portion size images administration module
One of the methods of food serving size estimation offered to respondents of dietary assessment
surveys in Intake24 are validated images of portion sizes. Respondents are asked to select the
closest image of a portion size to the portion size of a food they ate. These images are mapped to
specific records of foods and their weights in the system database. Based on the estimated portion
size and a food composition table Intake24 can estimate energy intake and intake of various
macronutrients (e.g. carbohydrates, saturated fats). The administration module for portion size
images is used for uploading images of serving sizes into the system and defining weights of
foods that are represented on those images. The images are mapped to food records in the portion
size estimation methods manager described in section 3.8.4 of this chapter. Before this module
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Fig. 3.2 Respondent accounts manager in the survey administrator interface of Intake24. Names
are blurred for anonimisation purposes.
Fig. 3.3 Survey responses data export in the survey administrator interface of Intake24
Fig. 3.4 Welcome page manager in the survey administrator interface of Intake24
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Fig. 3.5 Newcaslte Can Welcome page in the survey interface interface of Intake24
Fig. 3.6 Newcaslte Can privacy alert
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was developed, all images had to be uploaded and mapped to food weights using a command
line interface by a software engineer.
There are currently two types of estimation methods that can be managed in the portion size
images administration module, ’as served’ and ’guided’. ’As served’ method offers respondents
a set of separate photographs of portion sizes of the same food, where they need to select one
photograph. This method is normally used for foods that are served on plates (e.g. sides, steakes).
The administration module allows uploading multiple images into the system, grouping them
into a set for a single food and defining weights that are represented in every photograph. Each
set also gets a unique name and a description to be later identified in the database. For example,
on Fig. 3.7 you can see photographs with salmon steaks of different sizes with weights typed in
under each image. The corresponding component of the survey interface for selecting a portion
size image of a salmon steak is presented in Fig. 2.11. A ’guide’ image contains all portion sizes
of a single food. A respondent selects a portion size by clicking on the corresponding area on the
photograph. This method is generally used for fruits and packaged foods (e.g. different sizes of
apple, different cans and bottles of soda). To create a ’guide’ image an administrator uploads a
photograph with multiple portion sizes on it and draws outlines of areas on the image, where
respondents can click. The administrator then defines weights that are represented in the outlined
areas. For example, Fig. 3.8 demonstrates the outlines drawn in the administrator interface of
Intake24 on a photograph of a banana and food weights with descriptions for those outlined
areas on the right of the interface.
Fig. 3.7 As served images manager in the administrator interface of Intake24
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Fig. 3.8 Guided images manager in the administrator interface of Intake24
3.8.3 Mapping food ontology of Intake24 to regional composition tables
Food nutrient values that Intake24 uses for the assessment of dietary intake of a population are
defined in national food composition tables. For populations from different regions Intake24 uses
different composition tables. Composition tables are uploaded into Intake24 in a CSV format
using a command line interface. Previously food records in the ontology of Intake24 could be
mapped to the records in the composition tables also only using CSV spreadsheets that were
then uploaded into the system via a command line tool. To make the process of adding new
foods and locating them in composition tables more accessible a corresponding interface was
developed in the Intake24 ontology of foods. To link a food in the ontology to a record in a
composition table the system administrator needs first to select that food in the ontology (Fig.
3.9). Then in the right part of the interface with food details, they need to select that composition
table in a dropdown that opens on pressing ’Add code’. Finally, they can search for and select a
corresponding name of food as defined in the selected composition table (Fig. 3.9).
3.8.4 Portion size estimation methods manager
Portion size estimation methods manager is used to edit the list of portion size estimation methods
for a food offered to respondents during a survey, when they report to have eaten that food. The
tool is available to the administrator of the system in the food details window that opens on the
right of the screen, when they select a food in the ontology. Portion size estimation methods
are selected from a global dictionary of methods along with their human readable descriptions
stored in the systems database (Fig. 3.10). Different estimation methods also require defining
additional parameters relevant to that method. For example, for the ’as served’ method the
3.8 Development of the researcher interface 53
Fig. 3.9 Mapping food to a record in a national composition table in the food ontology of
Intake24
administrator needs to select a corresponding set of images from the administration module
described in section 3.8.2 of this chapter. Another example is the ’standard portion’ method,
where the administrator needs to define a list of mappings of human readable descriptions of
standard portions (e.g. fillets) to different weights of the food (Fig. 3.11). During a survey, the
system displays widgets to respondents that correspond to portion size estimation methods that
are defined by the administrator. For the ’as served’ method, for example, the system presents a
set of images with different portion sizes of a food (Fig. 2.11), from which the respondent needs
to select a single image.
Fig. 3.10 Selecting portion size estimation method for a food in the ontology of Intake24
3.8.5 Associated food prompts manager
The associated food prompts manager is used to edit the list of associated food prompts for a
food. These prompts are displayed to respondents during a survey, when they report to have eaten
that food. The tool is available to the administrator of the system in the food details window
that opens on the right of the screen, when they select a food in the ontology. For example, the
Fig. 3.12 demonstrates associated food prompts defined in the manager for when a respondent
reports having drunk a coffee.
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Fig. 3.11 Defining standard portions as a portion size estimation method for a food in the
ontology of Intake24
Fig. 3.12 Defining associated food prompts for coffee in the ontology of Intake24
Chapter 4
Recommender system based on pairwise
association rules
4.1 Abstract
Recommender systems based on methods such as collaborative and content-based filtering
rely on extensive user profiles and item descriptors as well as on an extensive history of user
preferences. Such methods face a number of challenges; including the cold-start problem in
systems characterized by irregular usage, privacy concerns, and contexts where the range of
indicators representing user interests is limited. This chapter presents a recommender algorithm
that builds a model of collective preferences independently of personal user interests and does
not require a complex system of ratings. The performance of the algorithm is analysed on a large
transactional data set generated by a real-world dietary intake recall system. The work described
in this chapter has been undertaken during RA1 and informs the answers to RQ1 and RQ2. The
content of this chapter has been rewritten as an (accepted) publication in a peer-reviewed journal
Expert Systems with Applications: Osadchiy, T., Poliakov, I., Olivier, P., Rowland, M., and
Foster, E. (2019a). Recommender system based on pairwise association rules. Expert Systems
with Applications, 115:535–542 [122].
4.2 Introduction
Recommender systems aim to identify consumer preferences and accurately suggest relevant
items (e.g. products, services, content). They are used in various application domains, including
online retail, tourism and entertainment [91, 46]. Widely adopted recommendation techniques
often utilize collaborative filtering or content-based recommendation methods [125].
Collaborative filtering produces recommendations based on user preference models that are
generated from explicit and/or implicit characteristics and metrics corresponding to user interests.
Explicit indicators normally imply users assigning ratings to items; for example, to products
viewed in, or purchased from, an online store. Examples of implicit indicators include the amount
of time users spend interacting with content (e.g. watching a video) or levels of interaction
(e.g. scroll offset of a web page containing an article they are reading). Items that are positively
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rated or purchased by consumers with similar preference models are used as recommendations
for target users. User similarity can be expressed through correlations in purchasing history or
ratings given to the same products, which can be further amplified with demographics (e.g. age,
gender, occupation). Content-based filtering identifies similarities between items based on a set
of their descriptors (e.g. purpose of an item, author, artist, keywords). Items similar to those
positively rated or purchased by the target user, are used as recommendations.
Collaborative and content-based filtering recommender systems are therefore heavily depen-
dent on extensive user- or item- profile information and are most effective when there is a rich
history of user preferences or behaviour. Sparse data sets and lean user profiles typically result in
low-quality recommendations or an inability to produce recommendations at all. This is referred
to as the cold-start problem, where new users are added into the system with empty behaviour
profiles or new items are added that have not been reviewed or rated by anyone [146]. Many
solutions to the cold-start problem have been considered, including hybrid methods that combine
collaborative and content-based filtering [143], and methods that aim to predict user preferences
from demographics [89], or knowledge of social relationships [38].
There are, however, a number of application contexts where users interact anonymously;
for example, online shops where an unregistered user browses and adds products to their
basket to check out later. In other contexts, such as email recipient recommendation [137],
applications requiring high levels of privacy, or those where individual interactions with a system
are necessarily infrequent (e.g. online dietary assessment surveys [30]) there are no features
and ratings to exploit, and the construction of personal behaviour and preference models is
not possible. This chapter presents a recommender algorithm that is designed to address these
challenges. The algorithm is independent of any personal user model and does not require a
complex system of ratings. Based on a set of observed items selected by a user, the algorithm
produces a set of items ranked by confidence of their being observed next. In designing the
underlying algorithm, this chapter reviews existing methods that aim to address similar tasks,
adapts them to meet the constraints of the application context that is primary concern of the
current research (online dietary assessment surveys), and proposes a novel alternative. The
performance of three methods is compared through the task of recommending omitted foods in a
real world dietary recall system.
4.3 Related work
While various approaches have been proposed to address the cold-start problem in recommender
systems, the majority of these rely on knowledge of content [126] and users [89], including
social relationships between users [38], whereas concern of this research is with contexts where
such information is not available. Shaw et al. addressed the cold-start problem in recommender
systems by using a data analysis technique, which is applied to large transaction data sets for
discovering items that frequently appear together in a single transaction. This technique is known
as association rules [146, 11]. Each association rule normally consists of a set of antecedent items
that lead to a consequent item with a certain confidence. Pazzani and Billsus in developing a
recommender system for books addressed the cold-start problem by considering the list of topics
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of books users voted for as transactions. This allowed them to extract association rules for topics
that frequently appeared together as part of a user’s interests [125]. To ’expand’ preferences for
each user, the algorithm then generates all possible combinations of topics for every book the
user voted for and filters association rules, where the antecedent part of the rule matches one of
the combinations. The consequent list of topics is added to the preferences of that user.
In combination with a domain ontology association rules can be effectively employed for
extracting, understanding and formalizing new knowledge [141, 145]. However, association
rules have to be adapted for recommendation tasks since they are primarily designed to be used
as exploratory tools [140] to discover previously unknown relations that need to be analysed for
their interestingness [19]. As we will probably want to provide more specificity, and recommend
the exact titles of the books instead of generic categories, this potentially leads to a vast number
of mined association rules and matching all possible combinations of the observed items may
not result in rules being found. Furthermore, a consequent item may appear in multiple matching
rules, meaning that a function must be introduced that aggregates the confidences of found rules
into a single score for the consequent item. Finally, only the associations with a support (i.e.
how often a rule holds as true across the data set) higher than a defined threshold are normally
extracted [76]. The produced list of rules is supposed to be of a reasonable size, to allow manual
examination. In a recommender system, even associations with low frequencies could still be
relevant, if other relevant rules with higher confidence are not found. This requires the extraction
of as many rules as possible, making the mining process a computationally expensive task [174].
Roth et al. [137] introduced a method for building implicit social graphs based on histories
of interaction between users and estimations of their affinity and applied it to the problem of
email recipient recommendation. Based on a set of email addresses selected by a user (the seed
group) the algorithm extracts all groups of contacts with whom the user has ever exchanged
emails. Here a group of contacts is a set of email contacts that were observed together in a
recipient list. For each of the contacts in each group, excluding members of the seed group, an
interaction score is calculated based on the volume of messages exchanged with that group, the
recency of those messages, and the number of intersections of the seed group with the group
of contacts that is being considered. Interaction scores of contacts that are present in multiple
groups are aggregated into a single interaction score, which is then used to rank the set of email
recommendations.
The implicit social graph is a promising alternative to mining association rules. It instead
measures the confidence of recommended items based solely on observed transactions that are
pre-filtered by intersections with given items. However, the method also estimates the relevance
of a group of recommended emails based on the strength of social interaction of the target
user with that group, which is not a meaningful metric for applications that do not assume
communication (or other interaction) between users.
Association rules and implicit social graphs are data entities that represent item-to-group
relationships. However, DuMouchel et al. [49] suggested that a more efficient approach to
discovering "interesting" associations is to first find pairs of items that frequently appear together
and then analyse larger sized item sets that contain those pairs. For example, if ABC appears in
a data set with a certain frequency, then pairs AB, BC and AC would be at least as frequent as
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the triplet. Raeder et al. [131] effectively analysed associations through a graph of individual
items connected to each other with edges that are weighed by the frequency of two items
appearing together. Items that have stronger relationships with each other are compared to other
items form clusters, which are then targeted for further analysis. Similar to the implicit social
graph this method avoids the need to mine all possible association rules, but without requiring
any additional indicators of relevance except for the item pairs frequencies. The relevance of
produced recommendations is effectively inferred from the likelihood of their appearing with the
observed items.
4.4 Associated food recommender algorithm
4.4.1 Intake24
This section introduces a new recommendation algorithm that was developed for Intake24, a
system for conducting 24-hour multiple-pass dietary recall surveys [30]. Within a survey, a
respondent typically records their dietary intake for the previous day on three separate occasions.
A single day normally consists of four to seven meals (e.g. breakfast, morning snack, lunch
etc.) which include a selection of foods, drinks, desserts, condiments, and such (referred to
generically as foods). During the first step of a recall session, a respondent reports a list of names
of foods consumed during each of the previous day’s meals in a free-text format. For each text
entry, the system returns a list of relevant foods selected from a food ontology, organized in
a tree-based, multi-level structure. Specific foods are terminal nodes of this ontology and are
linked to their nutrient values and portion size estimation methods. Respondents select one food
from the returned list to add to their meal; for example: Coca-Cola (not diet); Beef, stir fried
(meat only); Tomatoes, tinned; Basmati rice; Onions, fried; Chilli powder; Kidney beans.
The main application for the recommender algorithm is to automate the extraction of ques-
tions about foods that are commonly consumed together (associated food prompts). In Intake24,
this feature is implemented as a link between an antecedent food (e.g. toast, white bread) and the
consequent associated food category (e.g. butter / margarine / oils) along with a question that is
asked if a respondent selects the antecedent food (e.g. Did you have any butter or margarine on
your toast?). Such food associations prompts are currently hand-crafted by trained nutritional
experts, which for thousands of foods is inevitably a time consuming process that is prone
to omissions. At the same time, hand-coded associated food prompts in Intake24 represent
a baseline for the recommender system developed in this chapter, meaning that a successful
recommender system is expected to capture at least as many omitted foods as the hand-coded
prompts.
Completing an accurate recall requires respondents to be able to identify foods they ate from
a database that covers more than 4,800 foods; for example, there are more than 30 types of bread
alone. Thus, one of the key features in determining the usability of a dietary recall system is its
presentation of food search results. If respondents are not able to readily identify items from a
list returned in response to their textual description of the food, they are more likely to select
foods perceived as the closest match or even skip reporting the intake of that food [58, 30]. In
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other words, the relevance of search results, in terms of prioritizing them appropriately, may
directly affect the the level of effort and time required to select the correct foods and report
intake. For that reason, the second application for the recommender algorithm that is explored in
this research is the task of ranking food search results.
4.4.2 Generic procedure
Our approach assumes that the patterns in eating behaviours of an observed population; that is, the
respondents who took part in surveys conducted in a given country, has some relevance to those
of an individual in that population. The recommender algorithm assumes no prior knowledge
about an individual except their currently selected food items. The algorithm is trained on a large
set of observed meals and produces a model of the eating behaviour of a given population, where
a meal is a group of uniquely identifiable foods (e.g. vanilla ice cream, pear juice) reported to
be eaten on a single occasion. Each individual food can be recorded as being eaten only once
during a meal. During the recommendation step, the resulting model accepts a set of foods,
which is referred to as input foods IF , and returns a set of recommended foods RF mapped to
likelihoods of being reported along with IF (recommendation scores). IF are excluded from
recommendations. The following section discusses three possible implementations that were
considered for the recommender algorithm. The description of the methods provides examples
of generated models and recommendations for a sample transaction data set.
4.4.3 Association rules
This section introduces a recommender algorithm based on association rules (AR) that generates a
model of eating behaviour from a data set of meals (in the training step) in the form of association
rules. Each rule consists of a set of antecedent foods and a single consequent food, together with
the confidence that the consequent food will be present in a meal given the antecedent foods that
were observed. The procedure for retrieving association rules is described in [11].
The AR algorithm makes predictions from stored association rules with antecedent part antc
similar to IF , and produces recommendations from the consequent parts of the rules. To do
so, AR takes association rules that have a consequent food that is different from any of IF and
the antecedent foods antc that include at least one of IF (Alg. 1). The algorithm calculates the
likelihood of a recommended food f to be selected next as the confidence of the rule c multiplied
by the similarity between antc and IF (i.e. match score ms). The match score ms is calculated as
the number of foods that appear both in IF and antc (i.e. intersections) raised to the power of two
and divided by the size of IF and the size of antc. The match score allows the recommendations
from the rules with antc that are more similar to IF produce recommendations that will appear
higher. The algorithm then sums the scores for every f as its single recommendation score
RF [ f ].
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Algorithm 1: Recommendations based on association rules
function Recommend
input :AM, association rules based model
IF , foods selected by a respondent
returns :RF , list of food recommendations
1 RF ←∅
2 foreach rule rl ∈ AM & rl.consequent /∈ IF :
3 f ← rl.consequent
4 if ∃ a f : a f ∈ rl.antecedent & a f ∈ IF :
5 if f /∈ RF :
6 RF [ f ]← 0
7 antc← rl.antecedent
8 c← rl.con f idence
9 intr← size({a f : a f ∈ antc & a f ∈ IF})
10 ms← intr2/(size(antc)∗ size(IF))
11 RF [ f ]← RF [ f ]+ c∗ms
12 return RF
Recommendations produced by AR applied to the example transaction data set {abcd,ade,de,ab}
and given items {ab} are provided below (Table 4.1).
Model based on AR Filtered rules Recommendations
1. a⇒ b 0.67, d 0.67, c 0.33, e 0.33 1. a⇒ d 0.67, c 0.33, e 0.33 d: 2.50
2. b⇒ a 1.00, c 0.50, d 0.50 2. b⇒ c 0.50, d 0.50 c: 1.96
3. c⇒ a 1.00, b 1.00, d 1.00 6. a, b⇒ c 0.50, d 0.50 e: 0.29
4. d⇒ a 0.67, e 0.67, b 0.33, c 0.33 7. a, c⇒ d 1.00
5. e⇒ d 1.00, a 0.50 8. a, d⇒ c 0.50, e 0.50
6. a, b⇒ c 0.50, d 0.50 9. a, e⇒ d 1.00
7. a, c⇒ b 1.00, d 1.00 10. b, c⇒ d 1.00
8. a, d⇒ b 0.50, c 0.50, e 0.50 11. b, d⇒ c 1.00
9. a, e⇒ d 1.00 14. a, b, c⇒ d 1.00
10. b, c⇒ a 1.00, d 1.00 15. a, b, d⇒ c 1.00
11. b, d⇒ a 1.00, c 1.00
12. c, d⇒ a 1.00, b 1.00
13. d, e⇒ a 0.50
14. a, b, c⇒ d 1.00
15. a, b, d⇒ c 1.00
16. a, c, d⇒ b 1.00
17. b, c, d⇒ a 1.00
Table 4.1 Recommender algorithm based on association rules applied to the example data set
4.4.4 Transactional item confidence
This section adapts the implicit social graph method described in [137] for the food recommen-
dation task, which resulted in a recommender algorithm based on transactional item confidence
(TIC). One key difference to the food recommendation problem is that the original email recipient
recommendation task for which the implicit social graph was developed assumed two types of
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relationships between items in a data set (outgoing and incoming emails). The data set used
in this research assumes only one type of relationship, which is the co-occurrence of foods
in a meal. For that reason, TIC produces recommendations based on similarity of historically
observed transactions to IF and the frequency of foods appearing in those transactions.
During the training step, TIC converts all reported meals to a map of unique meals (or
transactions) T M, so that there are no two transactions of the same length containing the same
foods (Alg. 2). For every food f in a transaction m, the confidence (conditional probability)
is calculated as T M[m, f ] of f being present in m given that the rest of the foods from m were
observed. To do so, the algorithm counts the number c f of reported meals that contain all the
foods from m, excluding f , and divides it by the number cm of reported meals containing all of
the foods from m. This is similar to the confidence measured in AR, but in this case the algorithm
calculates it only for the full-sized meals that were observed in the data set M, and not for all
possible combinations of foods within those meals.
At the recommend step, the algorithm retrieves all transactions containing any of the input
foods IF (Alg. 3). Within each of the retrieved transactions m, foods f that are not included
in IF are mapped to a score that is calculated as the number of intersections of m with IF (i.e.
similarity) multiplied by the food’s confidence T M[m, f ]. Multiple scores for f measured from
different transactions are summed into a final recommendation score RF [ f ].
Algorithm 2: Training the model based on transactional item confidence
function Train
input :M, data set of all meals
returns :T M, map of unique meals with confidence for every food
1 T M←∅
2 foreach meal m ∈M :
3 if m /∈ T M :
4 T M[m]←∅
5 cm← size({m1 : m1 ∈M & m ∈ m1})
6 foreach food f ∈ m :
7 m2←{ f 1 : f 1 ∈ m & f 1 ̸= f}
8 c f ← size({m3 : m3 ∈M & m2 ∈ m3})
9 T M[m, f ]← c f/cm
10 return TM
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Algorithm 3: Recommendations based on transactional item confidence
function Recommend
input :T M, map of unique meals with confidence for every food
IF , foods selected by a respondent
returns :RF , list of food recommendations
1 RF ←∅
2 foreach meal m ∈ T M :
3 if ∃ f 1 : f 1 ∈ m & f 1 ∈ IF :
4 foreach food f ∈ m & f /∈ IF :
5 if f /∈ RF :
6 RF [ f ]← 0
7 con f ← m[ f ]
8 inter← size({ f 2 : f 2 ∈ m & f 2 ∈ IF})
9 RF [ f ]← RF [ f ]+ inter ∗ con f
10 return RF
Recommendations produced by the TIC applied to an example transaction data set {abcd,ade,de,ab}
given items {ab} are provided below (Table 4.2).
Model based on TIC Filtered rules Recommendations
1. a 1.00, b 1.00, c 1.00, d 1.00 1. a 1.0, b 1.00, c 1.00, d 1.00 d: 3.00
2. d 1.00, a 0.50, e 0.50 2. d 1.00, a 0.50, e 0.50 c: 2.00
3. d 1.00, e 0.67 e: 0.50
4. a 1.00, b 0.67
Table 4.2 Recommender algorithm based on transactional confidence applied to the example
data set
4.4.5 Pairwise association rules
Unlike the previous two algorithms, which produce recommendations from association rules and
transactions similar to currently observed IF , the recommender algorithm based on pairwise
association rules (PAR) recommends foods that are likely to be observed with any of IF in pairs.
During the training stage (Alg. 4), PAR for every observed food f counts the number OD[ f ] of
meals that contain that food. For every observed pair of foods { f , f 1}, it also counts the number
CD[ f , f 1] of reported meals that contain that pair. At the recommend step (Alg. 5), PAR retrieves
pairs CD[in f ], where one food in f is observed in IF . For every pair {in f , f}, the algorithm
calculates the conditional probability p, of f being in a meal, given that in f was observed as the
number of meals that contain that pair CD[in f , f ], divided by the number of meals OD[in f ] that
contain only in f . For example, if item A appeared 10 times in the data set and co-occurred with
item B only 2 times, then the conditional probability that item B will occur the next time the A is
present is 0.2. Multiple probabilities retrieved for f from different associations are summed into
its single recommendation score P[ f ].
As demonstrated in [137] the number of times items are observed together is an important
relevance metric. Indeed, if the algorithm simply aggregates the probabilities derived from
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multiple associations, it loses information as to whether a recommended food has ever been
observed with all IF . For example, given two input items C and D, the aggregation may produce
two scores RCD(A) = 0.5, where item A appeared with both C and D, and RC(B) = 0.5, where
item B appeared only with item C. Therefore, A should receive a higher score. Likewise, the
algorithm takes into account the frequency of an input food in f that matched a retrieved pair.
For example, we may have two equal scores, RC(A) = 0.5 and RD(B) = 0.5, where A and B
historically appeared only with items C and D respectively; but C appeared 10 times and item D
appeared 100 times, which implies that the recommendation produced by C should have a higher
score. For these reasons, the algorithm weights aggregated probabilities P[ f ] by multiplying
them by the summed frequency of in f .
Algorithm 4: Training the model based on pairwise association rules
function Train
input :M, data set of all meals
returns :PM, pairwise association rules
1 OD←∅, food occurrences
2 CD←∅, food co-occurrences
3 foreach meal m ∈M :
4 foreach food f ∈ m :
5 if f /∈ OD & f /∈CD :
6 OD[ f ]← 0
7 CD[ f ]←∅
8 OD[ f ]← OD[ f ]+1
9 foreach food f 1 ∈ m & f 1 ̸= f :
10 if f 1 /∈CD[ f ] :
11 CD[ f , f 1]← 0
12 CD[ f , f 1]←CD[ f , f 1]+1
13 PM← [OD,CD]
14 return PM
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Algorithm 5: Recommendations based on pairwise association rules
function Recommend
input :PM, pairwise association rules
IF , foods selected by a respondent
returns :RF , list of food recommendations
1 RF ←∅
2 P←∅, conditional probabilities of foods
3 W ←∅, conditional probability weights
4 OD← PM[OD], food occurrences
5 CD← PM[CD], food co-occurrences
6 foreach input food in f ∈ IF :
7 foreach food f ∈CD[in f ] & f /∈ IF :
8 if f /∈ P & f /∈W :
9 P[ f ]←∅
10 W [ f ]←∅
11 p←CD[in f , f ] / OD[in f ]
12 P[ f ]← P[ f ]+{p}
13 W [ f ]←W [ f ]+{OD[in f ]}
14 foreach food f ∈ P :
15 RF [ f ]← sum(P[ f ])∗ sum(W [ f ])
16 return RF
Recommendations produced by PAR applied to the example transaction data set {abcd,ade,de,ab}
given items {ab} are provided below (Table 4.3).
Model based on PAR Filtered rules Recommendations
1. a 3.0⇒ b 2.0, d 2.0, c 1.0, e 1.0 1. a 3.0⇒ d 2.0, c 1.0, e 1.0 d: 5.8
2. b 2.0⇒ a 2.0, c 1.0, d 1.0 2. b 2.0⇒ c 1.0, d 1.0 c: 4.2
3. c 1.0⇒ a 1.0, b 1.0, d 1.0 e: 1
4. d 3.0⇒ a 2.0, e 2.0, b 1.0, c 1.0
5. e 2.0⇒ d 2.0, a 1.0
Table 4.3 Recommender algorithm based on pairwise association rules applied to the example
data set
4.5 Methodology
The three algorithms are compared for 20,000 randomly sampled meals, each containing no
fewer than two foods, reported by participants of various ages in the UK between 2014 and
2018. The order of foods in each meal is randomized. K-fold (k = 10) cross validation was used
for segmenting the data set into training and testing sets [142]. On each step nine subsets for
training a model are used, leaving out one subset for testing. The testing procedure is similar to
the procedure described in [137]: a few foods are sampled from each meal (input foods), leaving
the rest (at least one food) to simulate respondents’ omitted foods to be guessed by the algorithm.
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Every trained model makes predictions, starting from an input size of one food and gradually
incrementing it to five.
In the course of the evaluation, the precision-recall (PR) curves for every algorithm on
every increment are plotted. For the purposes of the evaluation, the recall is measured as the
percentage of correct predictions out of the total number of foods selected by the respondent,
and the precision as the percentage of correct predictions out of the total number of predictions
made by the algorithm. Predictions that were present in the set of foods actually entered by
the respondent (excluding input foods) are counted as correct (true positives). The quality
of the top 15 recommendations is analysed, which is a slightly larger size than viewed by
most users [162, 33]. As the measure of algorithm ranking quality for every size of input
foods the mean value of Normalized Discounted Cumulative Gain (NDCG) at rank 15 is
calculated [33] as NDCG15 = DCG15/IDCG15. Discounted cumulative gain is measured as
DCG15 = ∑15i=1(2
r(i)− 1)/log(i+ 1), where r(i) is the relevance score of the ith food. As the
relevance score, the evaluation uses 0 for a wrong prediction and 1 for a correct prediction. Thus,
the Ideal Discounted Cumulative Gain (IDCG) in this case is always 1, which is a single correct
prediction as the first result. The procedure then selects the implementation that demonstrates the
highest performance and applies it to the task of recommending foods omitted by respondents
with a lower level of specificity, and for ranking search results returned in response to their text
queries.
In this research, the implementation of AR uses the FP-growth algorithm (frequent patterns
algorithm) [76]. FP-growth is an efficient and scalable association rules mining algorithm that
is based on building frequent-pattern tree structure. In contrast to Apriori-like algorithms that
serve the same purpose [12], the FP-growth compresses a large database into a much smaller
data structure avoiding costly repeated database scans and generation of a large number of
candidate sets. This research uses a parallel version of FP-growth implemented in the Apache
Spark framework [88, 106]. As a parameter, this implementation accepts the minimum support
for an item set to be identified as frequent and the minimum confidence for the generated
association rules. To gather as many association rules as possible both the minimum support and
the minimum confidence are set to the lowest value (3×10−4) that allows the completion of the
mining process of the data set on a machine available at the time of conducting this evaluation
(Mac Pro, 2.9 GHz Intel Core i5, 16 GB) within a time limit of 5 minutes.
4.6 Results
4.6.1 General performance
As can be observed from the PR curves (Fig. 4.1, 4.2), PAR produces the largest area under
the curve, which increases with the size of input foods. PAR also demonstrates higher NDCG
than TIC and AR for all input sizes (Fig. 4.3). PAR is the second fastest algorithm to produce
a model (after AR) but the fastest to produce a single set of recommendations (Table 4.4).
Based on this comparison, PAR is selected to be used for the implementation of the associated
foods recommender algorithm. At the same time, these results demonstrate that the quality of
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predictions produced by PAR is still relatively low. Experiments in the following sections aim to
improve the efficiency by exploiting the context of the task it is used for.
Fig. 4.1 Precision-Recall curves for an input size of 2 foods
Fig. 4.2 Precision-Recall curves for an input size of 4 foods
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Fig. 4.3 The ratio of mean NDCG for the top 15 results to the number of input foods




Table 4.4 Mean training and recommendation times in milliseconds
4.6.2 Associated food questions
To compare the efficacy of recommendations produced by the recommender algorithm to the
existing hand-coded associated food questions the evaluation procedure follows the same protocol
as above, except that on the recommend step a trained model returns food categories instead of
exact foods. In this case, true positives are considered to be foods selected by the respondent
(excluding input foods) that belong to one of the food categories predicted by the recommender
algorithm. The ontology of foods implemented in Intake24 allows control of the specificity of
the returned categories. So, this experiment demonstrates the performance of the algorithm in
returning the direct parent category of a food (first level, e.g. Flake cereals is the parent category
for Choco flakes) and a more generic category (second level, e.g. Breakfast cereals) that is a
parent of the category with the first-level specificity (Fig. 4.4). Since the existing associated food
questions do not store any relevance scores plotting their PR curves or assessing their NDCG
is impossible. For that reason this section compares the recall of the top 15 recommendations
produced by the algorithm to the recall of all hand-coded associated foods rules extracted for
given input foods.
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Fig. 4.4 The ratio of recall for the 15 results to the number of input foods for pairwise
association rules with the first and the second levels of specificities and manually entered
associated food prompts
In the simulation of respondents omitting foods hand-coded association food rules recognize
8.3% of omitted foods at most, whereas the recommender algorithm’s peak recall is at 58.0%
and 79.1% for the first and the second levels of specificity respectively.
Table 4.5 includes examples of commonly forgotten foods established in the validation
of Intake24 [30] but correctly predicted by the recommender algorithm with two levels of
specificity. At the time of writing this chapter, none of these associations were covered by
hand-coded associated foods rules in Intake24. In addition to that, controlling the specificity of
the returned recommendations allows us to address the cold-start problem, so that new foods that
have not been reported by any respondents can still be captured by their categories. However,
the names of some food categories predicted with the second-level specificity could be perceived
as too generic (e.g. "Pickles, olives, dips and dressings") and may require being assigned names
that would be easier to understand by respondents when displayed in associated food prompts.
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Input foods First-level specificity Second-level specificity
Chicken breast; Fanta; Instant
potato
Gravy Sauces, condiments, gravy and
stock
Bananas; Fruit and yoghurt
smoothie; Semi skimmed milk
Sugar Sugar, jams, marmalades,
spreads and pates
Blackcurrant squash (juice), e.g
ribena; Heinz beans and
sausages
Brown bread toasted Brown, wholemeal and 50:50
bread
Porridge, made with skimmed
milk; Tea; White sugar
Butter Butter / margarine / oils
Tuna mayo sandwich; Volvic
mineral water, still or fizzy
Chocolate covered biscuits Sweet biscuits
Bread sticks; Coffee Dips Pickles, olives, dips and
dressings
Cheese and tomato pizza
(includes homemade);
Raspberries
Ice cream Ice cream & ice lollies
Cheese sandwich; Tea Crisps and snacks Crisps, snacks and nuts
Green Olives; Water Wine Alcohol
Bottled mineral water; Chicken
breast fillet; Chips, fried; Hot
sauce
Fizzy drinks Drinks
Still energy drink, eg Lucozade
Hydroactive, Gatorade,
Powerade; Tuna in brine,
tinned; White bread sliced
Mayonnaise Sauces / condiments / gravy /
stock
Table 4.5 Omitted foods captured with pairwise association rules but not with manually entered
associated food prompts
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4.6.3 Search ranking
In response to a respondent’s text query, the existing Intake24 search algorithm ranks foods
based on two types of scores. The first is the matching cost of the known food description
against the query. The matching cost is based on several metrics, including the edit distance
between matched words (the approximate string matching is performed using Levenshtein
automata [144]); phonetic similarity of words (using a pluggable phonetic encoding algorithm
that depends on the localization language, e.g. Soundex or Metaphone for English [50]); the
relative ordering of words; the number of words not matched; and so forth. The lower the
matching cost, the better the food name matches the query. The second score is the likelihood
of the food being selected, which is measured by the number of times the food was previously
reported. The results are then sorted, first by decreasing food report count (FRC) and then by
increasing matching cost.
The evaluation of the associated foods recommender algorithm applied to the task of ranking
search results, follows the same evaluation procedure, with some variations. In response to each
text query that was recorded into the Intake24 database for each reported food (excluding input
foods), the evaluation retrieves a list of foods using the existing search algorithm. Foods selected
by a respondent are counted as true positives and the rest of the results as false negatives. The
mean NDCG produced by the existing search algorithm is compared to that of the new search
algorithm, where FRC is replaced with PAR. As it can be seen from the figure below (Fig. 4.5),
PAR slightly outperforms FRC starting from an input size of two foods, with the gap gradually
widening as the number of input foods increases.
Fig. 4.5 The ratio of mean NDCG for the top 15 results to the number of input foods for the
search results ranked based on pairwise association rules and FRC
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4.7 Conclusions
This chapter aims to address one of the key issues in automated dietary assessment, which is
unintentional under-reporting. To do so, this research developed an associated foods recom-
mender algorithm to remind respondents of omitted foods and improve the ranking quality of
search results returned in response to respondents’ free-text food name queries. The algorithm,
in contrast with collaborative and content-based filtering approaches, is independent of personal
user profiles and does not require an extensive history of users’ preferences or a multitude of
item descriptors. Instead, the algorithm uses transactions performed by respondents from a given
population to build a collective model of preferences.
This work considered three algorithms for the implementation of the recommender system,
based on an implicit social graph [137], association rules [11], and analysing pairwise association
rules [49]. The evaluation, performed on a large data set of real dietary recalls, has demonstrated
that the implementation based on pairwise association rules performs better for the defined
task. By controlling the specificity of the produced recommendations within a reasonable level
the recommender system achieved a recall of 79.1%. That is significantly higher than food
associations hand-coded by trained nutritionists, the recall for which reached only 8.3%. Where
a respondent filled in at least one food, the recommender algorithm improves the ranking of
search results. At the same time, these results do not necessarily mean that the hand-coded
prompts are less accurate than those by the recommender system in a real survey.
The algorithm was evaluated on dietary recalls of respondents from the UK. The future
extension of this research can analyse how dietary specificities of different regions affect the
accuracy of the recommender algorithm. Although the evaluation results described in this chapter
were produced by analysing food contents of meals reported by respondents in Intake24, the
described methods apply to any recommender tasks where selection of items by the target user
can be observed (e.g. email recipients or tags recommendations on community platforms).

Chapter 5
Validation of a recommender system for
prompting omitted foods in online dietary
assessment surveys
5.1 Abstract
Recall assistance methods are among the key aspects that improve the accuracy of online dietary
assessment surveys. These methods still mainly rely on experience of trained interviewers with
nutritional background, but data driven approaches could improve cost-efficiency and scalability
of automated dietary assessment. This chapter evaluates the effectiveness of a recommender
algorithm developed for an online dietary assessment system called Intake24 that automates the
multiple-pass 24-hour recall method. The recommender builds a model of eating behaviour from
recalls collected in past surveys. The model is used to remind respondents of associated foods
that they may have omitted to report based on foods they have already selected. The performance
of prompts generated by the model was compared to that of prompts hand-coded by nutritionists
in two dietary studies. The results of this research demonstrate that the recommender system is
able to capture a higher number of foods omitted by respondents of online dietary surveys than
prompts hand-coded by nutritionists. However, the considerably lower precision of generated
prompts indicates an opportunity for further improvement of the system. The work described
in this chapter has been undertaken during RA3 and informs the answer to RQ2. The content
of this chapter has been rewritten as an (accepted) conference paper for the PervasiveHealth
2019: Osadchiy, T., Poliakov, I., Olivier, P., Rowland, M., and Foster, E. (2019b). Validation of
a recommender system for prompting omitted foods in online dietary assessment surveys. In
Proceedings of the 13th EAI International Conference on Pervasive Computing Technologies for
Healthcare, pages 208–215. ACM [123].
5.2 Introduction
The involvement of skilled professionals in the collection and analysis of complex dietary data
has both economic implications and implications for scalability. To address these issues a number
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of systems have been developed that replace an interviewer in the 24-hour recall method with an
online survey [39, 148, 154]. For researchers, such systems provide tools to administer surveys
and collect dietary records from participants with a detailed breakdown of the foods and drinks
consumed, to enable the estimation of energy intake and intakes of macro- and micro-nutrients.
Respondents are asked to go through a survey in a form of a web-based interface and record
their dietary intake for the previous day. The survey comprises a series of questions about
each meal and all its constituent foods and drinks. The collected information includes names
of foods/drinks and their portion sizes. Portion sizes are self-estimated by a respondent using
validated photographs of weighed servings of foods [59]. Each respondent normally records
their meals for the previous day on three separate occasions. A single day (i.e. submission)
typically consists of four to seven meals (e.g. breakfast, morning snack, lunch, evening meal
etc.). Each reported meal may include a selection of foods, drinks, desserts, condiments and
such (referred to generically as foods).
Participants commonly omit foods and under-estimate portion sizes in dietary assessment
surveys due to a range of human factors including poor human memory or lack of attention
[100, 159]. A study of 83 adults between 20 and 60 years old demonstrated that interviewer-led
24-hour recall underestimated energy intake on average by 33% of that measured with DLW
[97]. Various state-of-the-art techniques have been proposed by the research community to aid
respondents’ self-reported intake recall and minimize under-estimation. For example, images
of food captured by respondents using handheld devices or wearable cameras can enhance the
quality of self-reported dietary surveys by revealing unreported foods and misreporting errors
[65, 13]. In future, image recognition algorithms may be able to automatically identify foods
and drinks captured on those images, estimate their portion sizes and even their energy and
nutrient content [175, 92]. Another direction for improving the accuracy of dietary assessment is
monitoring intake behaviour using wearable sensors and sensors embedded into the environment
[79]. Detected eating and drinking occasions can be used, for example, to provide additional
cues for respondents during their recall, and to remind respondents to record their meal shortly
after it, when they still remember all the details. However, wearable sensors are likely to be
logistically challenging and impose high costs when used on a large scale. In the meantime, one
of the most widely adopted methods for assisting recall in online dietary assessment surveys in
epidemiological studies are associated food questions [154, 30]. An associated food question
is a question about two foods that are commonly consumed together and is asked, when the
respondent reports one of these foods. For example, when the respondent reports having eaten
toast, the system may ask them "Did you have butter on your toast?". These questions aim to
remind respondents about omitted foods. Normally each associated food question is manually
recorded into the system’s database by a nutritionist or a dietitian along with a corresponding
relation between an antecedent food (e.g. white bread, toast) and a consequent food (e.g. butter)
[122]. The system returns a prompt containing the question once a respondent reports the
antecedent food. However, identifying relations for thousands of foods stored in the system
seems impractical. Moreover, even an experienced nutritionist may not always be able to identify
all the factors and aspects of a diet of a specific population.
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The previous chapter (chapter 4) describes the development of a recommender system based
on pairwise association rules that aids respondent’s recall. The main contribution of this chapter
is the evaluation of the recommender system in online dietary assessment surveys, in real-life
settings. Further, the chapter briefly reviews the recommender system developed for Intake24.
The chapter then presents a report and discussion for the design and results of two studies, in
order to compare the efficiency of the recommender to that of prompts added by nutritionists.
5.3 Recommender system
Eating habits depend on a range of factors, including region, culture and a specific diet, which
makes them hard to predict. Thus, manual extraction of associated food questions and keeping
them up-to-date is prone to omissions and is a time-consuming task. Those challenges motivated
the development of a recommender system that extracts food associations in an automated
manner. To build a model of eating behaviour the recommender system takes a dataset of all
meals reported by a given population, where a meal is a group of foods (e.g. toast, butter, cheese,
orange juice) reported in a single intake. Each meal is split into unique pairs of foods (e.g. toast
and butter, toast and cheese, toast and orange juice, butter and cheese, etc.). For every pair the
resulting model stores the number of meals that contain this pair. The model also stores the
number of meals that contain each individual food. To produce a recommendation the algorithm
takes foods reported by the current user to find pairs stored in the model that contain those
foods. Foods from the filtered pairs that have not been reported by the user yet are used as
recommendations. The list of recommended foods is sorted by their likelihood of being observed
in a meal having observed the reported foods in descending order. In other words, the algorithm
recommends foods that are more likely to be observed with any of reported foods in pairs.
The likelihood for a recommended food f is calculated as R f =C f ×Wf , where C f is the
aggregation of conditional probabilities of observing that food in a pair with one of the reported
foods fi in a meal having observed that reported food; and Wf is the weight of the aggregation. C f
is calculated as C f = ∑Ni=0
count( f , fi)
count( fi)
, where N is the number of reported foods, count( f , fi) is the
number of meals in the dataset that contain the pair ( f , fi) and count( fi) is the number of meals in
the dataset that contain the reported food fi individually. Wf is calculated as Wf = ∑Ki=0 count( fi),
where K is the number of reported foods fi, for which a pair containing the recommended food
f being considered has been found. Thus, the reported foods that were previously observed with
the recommended food and that were reported more often in the dataset give a higher weight to
the recommendation.
The previous chapter analyses the performance and demonstrates the effectiveness of the
recommender system over food associations hand-coded by nutritionists in a simulation of
respondents omitting foods with data collected from past real-life dietary surveys. This chapter
describes the deployment and comparison of the recommender system to the hand-coded food
associations in conditions of real-life dietary surveys.
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The existing associated food prompts that are based on links between two foods manually added
into Intake24 are returned immediately after one of the foods has been reported (Fig. 5.1, 5.2).
So, a respondent is typically prompted with multiple foods while reporting a single meal. In
contrast to that, recommendations produced by the recommender system are based on a meal
(selection of foods) and have a form of a list. For that reason, a screen was designed with
generated food prompts in the form of a checkbox list that is returned at the end of reporting a
meal (Fig. 5.3, 5.4). A respondent can accept multiple foods as with the hand-coded prompts. A
list of recommendations is limited to 15 foods, which is a slightly larger number than the number
of search results displayed to most users by online search websites [33, 162].
Fig. 5.1 Interface flow diagram for hand-coded associated food prompts in Intake24.
Fig. 5.2 Hand-coded associated food prompt in Intake24.
Fig. 5.3 Interface flow diagram for generated associated food prompts in Intake24.
5.4.2 Recruitment and procedure
5.4.2.1 First study.
The recommender system for prompting omitted foods was evaluated in a study with 49 par-
ticipants (n = 24 females, n = 26 males, 18-64 years) that was conducted during RA2 that is
described in chapter 3. In this study the performance of associated food prompts generated with
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Fig. 5.4 Generated associated food prompt in Intake24.
the algorithm was compared to that of hand-coded food prompts. The overview of this study
that is related to the current research is provided in this chapter as well. Participants were asked
to record their intake for five consecutive days from Monday to Friday. To help respondents to
follow the procedure they were asked about their preferred morning times to receive reminders
about completing a dietary recall. Every morning they received automated email and SMS
reminders to log onto Intake24 and report the meals they had for the previous day. Participants
were asked to avoid changing their diet during the study and not to record their meals elsewhere
(e.g. notepads) to aid their recalls. During the first three days (Monday - Wednesday) the system
presented one type of associated food prompt and in the remaining two days (Thursday - Friday)
the other type of prompt. The system presented hand-coded food prompts in the first three days
to n = 19 participants. For n = 30 participants the system presented hand-coded food prompts in
the last two days. Monday recalls were used as an introduction to minimize the learning effect by
familiarizing participants with the system’s interface and the 24-recall procedure. Those recalls
were discarded during the analysis of the results and only diet recalls of weekdays (Monday -
Thursday) were used.
5.4.2.2 Second study.
The second study was collected during the Newcastle Can campaign that aims to help to reduce
obesity levels in the North East of England during RA3 that is described in chapter 3 [5]. The
campaign used various methods to motivate its participants to improve their diets. One of the
methods involved participants recording their meals for a previous day using Intake24 to receive
feedback on their diet and links to NHS web pages with more information about healthy eating.
Compared to the first study, the second did not pose any specific requirements to the time of
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a day or days of the week, when participants needed to record their intake. The study did not
require respondents to use any specific device or to submit a certain number of recalls either.
Participants could join the campaign at any point during the study. This study collected recalls
with hand-coded prompts for a week and recalls with generated prompts for another week.
During this period the second study attracted n = 91 respondents to complete at least one recall,
of whom n = 77 were women and n = 14 were men. The age of participants in this study ranged
from 18 to 82 years.
5.4.3 Statistical analysis
The analysis measures the proportion of recalls with generated and hand-coded food prompts,
where respondents accepted at least one food. This research also analyses the mean number
of foods accepted per recall in these two settings. In addition, precision of food prompts is
measured, that is the number of accepted foods divided by the number of returned foods. Many
participants who reject associated food prompts that are still relevant for other participants
genuinely believe that they reported all foods. For example, although someone may drink coffee
without milk and sugar, a food prompt querying about milk and sugar in coffee is still relevant
for many. For that reason, the mean number of accepted foods is analysed only for recalls, where
at least one prompted food was accepted. The analysis compares the coverage of two types of
prompts through the number of unique foods that were returned and accepted. The analysis
also compares the estimates of energy reported with two types of prompts. Submissions with
abnormally low-calorie content are excluded from the analysis (below 250 kcal for the whole
day). To examine changes in usability of the system this work compares the mean duration of
recalls, i.e. time it took respondents to complete a survey. This comparison assumes that longer
recalls may indicate that food prompts generated by the recommender system negatively affect
the usability of the survey interface. Previous research shows that participants complete their
recalls using Intake24 in 14 minutes on average [139]. For that reason, the analysis of the mean
duration of recalls ignores those that took longer than 60 minutes, since that could indicate that
respondents took a break while completing their recall. To analyse the significance between two
given means the Mann-Whitney U test is used. Mann-Whitney U test is selected for this research
since it does not require data being normally distributed [103, 114].
5.4.4 Results
The first study resulted in 96 submissions with hand-coded and 97 with model-generated food
prompts. In the survey with hand-coded prompts 66 (69%) recalls were completed on a desktop
computer, 29 (30%) on a mobile device, and 1 (1%) on a tablet. In the survey with generated
prompts 67 (69%) recalls were completed on a desktop computer, 27 (28%) on a mobile device,
and 3 (3%) on a tablet. Hand-coded food prompts were displayed at least once in 86 recalls and
accepted in 57 recalls (66%). Generated prompts were returned in 97 recalls at least once and
accepted in 61 recalls (63%). In recalls, where respondents accepted at least one associated food
prompt, 1.7 foods per recall on average were accepted from the hand-coded prompts. For the
generated prompts that is 2.3 foods, which is significantly higher (P < 0.001). Precision of the
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hand-coded and generated food prompts for the first study across all recalls are 24% and 2%
respectively.
Participants in the second study submitted 133 recalls with hand-coded and 119 with model-
generated food prompts, of which 41 (31%) and 57 (48%) recalls respectively were submitted
between Saturday morning and Monday night. Intake records assisted by the hand-coded prompts
were submitted on average between 1:20pm and 9pm. Similarly, recalls assisted by the generated
prompts were submitted on between 1:25pm and 8:30pm. In the survey with hand-coded prompts
49 (37%) recalls were completed on a mobile device, 44 (33%) on a desktop, and 40 (30%) on a
tablet. In the survey with generated prompts 60 (50%) recalls were completed on a mobile device,
26 (22%) on a desktop, and 33 (28%) on a tablet. Hand-coded food prompts were displayed at
least once in 122 recalls and accepted in 61 recalls (50%). Generated prompts were returned in
115 recalls and accepted in 83 recalls (72%). As in the first study, there is a significant difference
between the mean acceptance rates. Participants on average accepted 1.5 foods per recall from
hand-coded prompts and 2.1 from generated prompts (P = 0.002) in recalls, where participants
accepted at least one associated food prompt. Precision of the hand-coded and generated food
prompts for the second study across all recalls are 16% and 2% respectively. Histograms of
acceptance rates for both types of prompts in two studies are provided in Fig. 5.5, 5.6.
Fig. 5.5 Distribution of accepted foods per recall during the first study.
In the first and the second studies with hand-coded prompts the number of unique foods
accepted by participants was 15 (9%) and 16 (9%) out of 164 and 186 unique reported foods
respectively (Fig. 5.7, 5.8). In surveys with generated prompts, this number was found to be
at least twice as high with 30 (18%) and 35 (19%) out of 165 and 189 unique reported foods
(Fig. 5.7, 5.8).
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Fig. 5.6 Distribution of accepted foods per recall during the second study.
No significant difference was found between the mean energy reported in recalls with hand-
coded food prompts (1911.8 kcal) and generated food prompts (1790.6 kcal) during the first
study (P = 0.159). However, the effect was observed during the second study, where the mean
reported energy for hand-coded prompts was 1461.7 kcal and 1545.7 kcal for generated prompts
(P = 0.02).
While examining the mean duration of recalls, 7 (4%) recalls were excluded from the first
study and 15 (6%) from the second study because these were longer than 60 minutes. No
significant difference was observed in the duration of recalls in either study. The mean duration
of recalls during the first study was 15.9 minutes for recalls with hand-coded prompts and 13.3
minutes for recalls with generated prompts (P = 0.108). During the second study the mean
duration of recalls was 15.9 and 16.3 minutes respectively (P = 0.297).
5.5 Discussion
5.5.1 Principal findings
The results of this research demonstrate that associated food prompts generated by the recom-
mender system based on pairwise association rules are an effective and scalable alternative to
prompts hand-coded by nutritionists in online dietary assessment surveys. This supports findings
from our previous research [122]. In the meantime, according to the recommendations from the
NHS UK a man needs around 2,500 kcal a day to maintain his weight given a healthy and a
balanced diet; for a woman, that figure is around 2,000 kcal a day [9]. Compared to that, the mean
energy intake estimated in the first study of this research is considerably low, which suggests
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Fig. 5.7 Frequency of accepted foods during the first study.
that there were cases of omissions and under-estimation. This is in agreement with previous
research that found Intake24 to underestimate energy intake by 1% on average compared to the
interviewer-led recall [30]; and that the interviewer-led recall underestimates energy intake by
33% on average compared to that measured with DLW [97]. The second study was conducted
as part of a weight loss campaign, which could explain even lower energy estimates. At the
same time, participants of the second study reported higher energy intake in recalls assisted by
generated food prompts, which may indicate an improved accuracy of assessment.
Meanwhile, generated food prompts have shown significantly lower precision compared to
that of hand-coded prompts. This is due to a much longer list of recommendations produced by
the system. At the same time, only 30 and 35 unique foods that had been recommended by the
system were accepted across all recalls in the first and second studies. This is in agreement with
previous work that indicates that some foods are more likely to be omitted [30]. This also explains
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Fig. 5.8 Frequency of accepted foods during the second study.
a considerably higher performance of the recommender in a simulation that was conducted in
the previous chapter, where the evaluation procedure assumed that any food can be omitted. To
shorten the list of recommendations, a future version of the algorithm is planed to incorporate
the acceptance rate of recommended foods into the recommender system. This will potentially
allow placing foods that are more likely to be forgotten higher up the list of recommendations.
The observed proportion of desktop and touch devices used in recalls assisted with hand-coded
and generated prompts is comparable in two studies. In the first study, respondents submitted
their recalls in the morning. In the second study, time of the day when respondents recorded
their intake remained similar in both conditions. Thus, a comparable duration of recalls assisted
with hand-coded and generated prompts may indicate that the usability of the system was not
affected by the longer list of generated food prompts.
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It should be noted that two types of prompts have a different presentation format. Hand-
coded prompts are presented as questions that can be accepted or rejected by a respondent during
reporting a meal. Generated prompts are presented in a form of a list after the meal that has been
just reported. Thus, the observed greater number of accepted food items from the recommender
system may be an effect of the presentation format rather than an effect of the better fit of the
suggested food items. In addition to that, the recommender system was trained on data collected
in the past surveys, where hand-coded associated food prompts were used. Therefore, there is a
chance that would there be no hand-coded prompts, respondents might have reported some foods
associations less often or not reported them at all. Hence, the recommender system potentially
would not pick those associations from the data in the training process. Nevertheless, in our
two studies, more than a half of foods captured by the recommender system were not defined
in the database of hand-coded prompts. Thus, the two methods of prompting could potentially
complete each other at least when the system has been deployed for a new population and there
is no representative data for training the recommender system yet.
5.5.2 Limitations
The current studies involved a relatively small number of participants, and the recruitment
method used in the first study meant that the demographics profile of respondents was limited
which may limit the applicability of the results. Furthermore, in the second study, participants
were members of a weight loss campaign which may imply that they are more health-conscious
than the general population and potentially more invested in providing an accurate picture of
their diet. Finally, the age and gender distribution of participants was not balanced in both studies.
Thus, further research is needed to confirm findings from this research using a wider range and
balanced distribution of demographical backgrounds.
In the first study, participants did not submit recalls for Friday and weekend days, when
people commonly consume more energy and diet is less structured than on the week days. That
is somewhat addressed in the second study that included weekends. However, in the second
study participants could submit their meals at any time of the day, which contradicts with the
original multiple pass 24-hour recall method, where participants are asked to record their meals
in the morning. To address these concerns a similar study should follow the procedure of the
24-hour recall method offering respondents to complete their recalls for three non-consecutive
work days and on one day over the weekend.
Lastly, in both studies, in cases when participants rejected food prompts, it was not possible
to verify whether they genuinely reported all foods, ignored prompts or prompts did not contain
any relevant foods. Similarly, when respondents accepted prompts, there is no evidence that
they actually consumed those foods. In future, meals reported by participants could be verified
against direct observations.
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5.6 Conclusions
This chapter aimed to improve methods used in online dietary surveys to assist respondent’s
memory and improve the accuracy of dietary assessment. This work validated a recommender
system that was designed in chapter 4 and that prompts about foods potentially omitted by
respondents during a dietary survey as an alternative to prompts hand-coded by nutritionists and
dietitians. In contrast to other contexts, where recommender systems are used (e.g. online retail,
entertainment), dietary assessment systems are limited in their ability to collect enough data for
each individual to build a model of their personal preferences. For that reason, the recommender
system described in this work mines a model of eating behaviour of a population from data
collected in previous dietary surveys. To validate associated food prompts generated by the
recommender system the chapter compared their performance to prompts that were hand-coded
by nutritionists in two real-life online dietary assessment surveys. The validation demonstrated
the ability of the recommender system to capture significantly larger number of foods omitted
by a respondent per recall than that by the hand-coded prompts. Moreover, the number of
distinct foods accepted by respondents from the generated prompts was at least twice as high
as that from the hand-coded prompts in both studies. That indicates that more than a half of
omitted foods captured by the recommender system were not foreseen by nutritionists. In the
meantime, to ensure that a dataset that is used for training the recommender system contains
associations of foods commonly omitted by respondents it should be collected in surveys assisted
by prompts hand-coded by professionals with nutritional background. Judging by the average
time it took respondents of both studies to complete their recalls no difference was observed
in complexity of completing a survey with the two prompting methods. At the same time,
considerably low precision of generated prompts indicates an opportunity to further improve the
relevance of recommendations produced by the system. The results produced in this chapter
indicate the effectiveness of using the recommender system over hand-coded rules in online
dietary assessment surveys, where there is a rich dataset of past surveys for training the system.
Chapter 6
Progressive 24-hour recall: Feasibility and
acceptability of short retention intervals in
online dietary assessment surveys
6.1 Abstract
Background: Under-reporting due to limitations of human memory is one of the key challenges
in dietary assessment surveys that use the multiple-pass 24-hour recall. Research indicates that
shortening a retention interval (i.e. the time between eating event and recall) reduces the burden
on memory and may increase the accuracy of assessment.
Objective: This chapter explores the accuracy and acceptability of online dietary assessment
surveys based on a progressive recall, where a respondent is asked to record multiple recalls
throughout a 24-hour period using the multiple-pass protocol and portion size estimation methods
of the 24-hour recall.
Methods: The experiment is conducted with a dietary assessment system Intake24 that
typically implements the multiple-pass 24-hour recall method where respondents record all
meals they had for the previous day on a single occasion. This chapter modified the system to
allow respondents to add multiple recalls throughout the day using the multiple-pass protocol
and portion size estimation methods of the 24-hour recall (progressive recall). This chapter
conducted a dietary assessment survey with 49 participants, where they were asked to record
dietary intake using both 24-hour and progressive recall methods for weekdays only. To examine
accuracy, this work compares mean energy estimates and the mean number of reported foods. 24
of these participants were interviewed to examine the acceptability of the progressive recall.
Results: This research found that the mean number of foods reported for evening meals for
progressive recalls (5.2 foods) was significantly higher (P = .001) than that for 24-hour recalls
(4.3 foods). The mean energy for evening meals reported using progressive recalls (745.7 kcal)
was also significantly higher (P = .02) than that for 24-hour recalls (726.4 kcal). The number
of foods and the amount of energy reported for other meals remained similar across the two
methods. In interviews, 63% of respondents indicated that they remembered meal contents and
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portion sizes better with the progressive recall. However, 67% participants said that the 24-hour
recall is more convenient in terms of fitting in with their daily lifestyles.
Conclusions: The analysis of interviews and data from this research study indicates that
progressive recalls provide minor improvements to the accuracy of dietary assessment in Intake24.
Additional work is needed to improve the acceptability of progressive recalls in this system.
The work described in this chapter has been undertaken during RA2 and informs the answer
to RQ1. The content of this chapter has been rewritten and is accepted for publication in a
peer-reviewed Journal of Medical Internet Research: Osadchiy, T., Poliakov, I., Olivier, P., Foster,
E., and Rowland, M. Progressive 24-hour recall: Feasibility and acceptability of short retention
intervals in online dietary assessment surveys. Journal of Medical Internet Research.
6.2 Introduction
6.2.1 Background
There are a number of different methods for assessing dietary intake of a population by either
measuring markers of nutrient intake (e.g. DLW for measuring energy expenditure) or by
surveying the intake of foods and drinks [27, 147]. A successful method is expected not
only to be cost-effective, scalable and to estimate dietary intake with acceptable accuracy,
but also to impose a low subject burden to reduce the likelihood of changes in respondents’
diets, misreporting and participant dropouts [100]. One of most widely adopted approaches
is the multiple pass 24-hour recall, which is considered to offer a favourable balance of those
characteristics [77]. However, in a validation with adults 20-60 years old, Lopes et al. found the
interviewer-led multiple-pass 24-hour recall method to underestimate habitual energy intake by
33% compared to energy expenditure measured using the gold-standard method, DLW [97]. The
estimation error may, in part, be associated with recall bias since the accuracy of the 24-hour
recall method relies on respondents being able to retain details about intake for a relatively long
period of time [100, 159].
According to Macdiarmid and Blundell recalling intake even for the previous day is a
challenging task for some individuals [100]. Dietary assessment is especially difficult with
certain population groups, for example, with people with reduced cognitive and memory abilities
(e.g. fading memory, reduced attention span) [83]. Human memory introduces such errors as
unintentional food omissions which can contribute significantly to under-reporting of dietary
intake. Memory errors may also reduce the accuracy of a method used for portion-size self-
estimation, for example, photographs of various food serving sizes presented to respondents
[161, 154, 30]. The serving size that a respondent remembers that they ate, the portion size
consumed in reality and the portion size presented in the photograph may be different [66, 116,
117]. Additionally, misreporting may occur when respondents are asked about specific details of
recipes used for cooking of the reported foods. Especially if the meal was not cooked by the
respondent, they can easily misreport its ingredients [66].
Memories of eating and drinking start deteriorating even an hour after a meal [84, 24].
Indeed, research by Baxter et al. indicates that shortening the retention interval may increase the
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accuracy of a dietary intake recall among school age children [22, 23]. In two studies children
were observed eating two school-provided meals, and interviewed to obtain a 24-hour recall.
In the first study children were interviewed using one of six interview conditions achieved by
crossing two target periods (prior-24-hours; previous-day) with three interview times (morning;
afternoon; evening) [22]. In the second study the interviews were conducted either the same
day in the afternoon (shorter retention interval) or in the morning for the previous day (longer
retention interval) [23]. In both cases the correspondence rates for the observed/reported energy
and the number of reported food items was higher when interviews were conducted after a
shorter period of time. At the same time, the advantages of a reduced stress on human memory
can be observed in other dietary assessment methods. For example, although it has the potential
disadvantage of bias in intake reports and even changing respondents’ diets due to the burden
of recording [132] the WFD method where respondents are asked to record their foods as the
day progresses is less prone to memory errors [159]. In contrast to that, the involvement of an
interviewer in the 24-hour recall makes recording the intake progressively highly impractical.
The emergence of dietary assessment systems that automate the multiple-pass 24-hour recall
method offers a multitude of benefits including cost efficiency and scalability [154, 148, 158, 39].
However, online dietary assessment surveys mostly implement the multiple-pass 24-hour recall
interviewer-led procedure. With some of its methodological elements these systems inherit
its limitations including errors related to human memory [30, 147]. Specifically, the 24-hour
interval has been likely imposed by practical constraints of the interviewer-led approach. This
time frame is short enough for the respondent to retain their eating memories and allows the
interviewer to collect that information on a single occasion. Meanwhile, the self-administered
manner of online surveys allows shorter retention intervals that could potentially improve the
accuracy of dietary assessment. This chapter proposes a progressive recall method, where a
respondent is asked to record multiple recalls of meals throughout the day instead of reporting
all meals for a day in one occasion. This research hypothesizes that respondents would need to
remember significantly less information over shorter periods of time, which reduces the burden
on their memory and potentially increases the accuracy of dietary assessment. This chapter
provides an overview of the implementation of the multiple-pass 24-hour recall in Intake24 and
modifications added to that system to enable the new progressive recall method. The chapter then
describes the design and reports the results of a dietary survey conducted in those two settings to
support the hypothesis. This study also examines the effects of the modification on the usability
and acceptability of the progressive recall in online surveys by interviewing survey respondents.
6.2.2 Multiple-pass 24-hour recall in Intake24
Intake24 is designed to administer large-scale dietary surveys. The system automates a multiple-
pass 24-hour recall method [30]. Typically, respondents of these surveys perform a recall in the
morning on three or four non-consecutive days to capture a wider variety of foods eaten. To
avoid changes in diets subjects are ideally not aware about specific dates of surveys. Respondents
are asked to answer a series of questions about meals they had for a previous day via a web-based
interface. For every meal they are asked to provide its name and time, list of foods and drinks.
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Respondents select the name of a meal from a list of suggestions (breakfast, lunch, evening meal,
early / afternoon / late snack or drink) or they can type a new name for the meal. Contents of
a meal are searched and selected from a food taxonomy, organized in a tree-based, multi-level
structure. As the method of portion size estimation, Intake24 uses validated photographs of
weighed servings. For every reported food and drink respondents are asked to select a photograph
that most closely resembles the serving size they had (Fig. 6.1). A single submission typically
includes four to seven eating occasions (e.g. breakfast, morning snack, lunch etc.). At the end of
a study Intake24 produces a report that contains an estimated portion size, energy and nutrient
intake for each reported food and drink. Energy and intakes of macro- and micro-nutrients are
calculated using the national food composition table from a region, where the population was
surveyed.
Fig. 6.1 Food serving size estimation with photographs used in Intake24.
6.2.3 Progressive recall
To explore the potential of improving the accuracy of dietary assessment results produced by
Intake24 further by reducing the retention interval (i.e. time between an intake and a recall) this
research implemented a modified version of the system that allows recording intake as the day
progresses. While using the same multiple-pass procedure and portion size estimation methods
of the multiple-pass 24-hour recall described in the previous section, progressive recall asks
respondents to make three submissions on the day of a survey and one submission the next
morning. In the first three submissions, subjects report morning, afternoon and evening meals.
On the next morning, they report late meals or snacks for the previous day. The system alerts the
respondent, if they select time of a meal that is later than the current time on their machine and
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does not allow submission of that meal (Fig. 6.2). Contrary to the weighed food diary method,
the progressive recall does not require recording intake at the time of consumption and uses food
photographs for portions size estimation instead of weighing foods and drinks using scales.
Fig. 6.2 Warning message in Intake24 when a user tries to log meals before the actual intake.
6.3 Methods
6.3.1 Recruitment
The progressive recall method was analysed in a study with 49 participants (n = 24 females,
n = 26 males, 18-64 years) that was conducted during RA2 that is described in chapter 3. To
investigate the effectiveness of using the progressive recall in automated dietary assessment
systems as part of this study the new method was compared to the 24-hour recall. The overview
of this study that is related to the current research is provided in this chapter as well. As part of
the recruitment process respondents were asked about their preferred times for recording their
diet to set up automated reminders for them. For the 24-hour recall candidates were asked to
specify preferred morning times (before 10am) for recording their meals for a previous day. For
the progressive type of recall participants were asked to provide three time points to record meals
for the same day. The first time point, before 12pm, for recording breakfast, morning snacks and
drinks; the second, between 12pm and 4pm, for lunch, afternoon snacks and drinks; the third,
between 4pm and 12am, for dinner, evening snacks and drinks.
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6.3.2 Procedure
The study was conducted over a six-week period with a separate group of participants in every
two weeks. Each group of participants was asked to complete their recalls on two consecutive
weeks. During each week participants were asked to login to Intake24 and complete three dietary
recalls on three consecutive days between Monday and Friday. Participants were surveyed using
the 24-hour recall during one week and the progressive method during another. For n = 34
participants the 24-hour recall was used on the first week and the progressive recall was used on
the following week. With the remaining n = 15 participants the two methods were applied in
the reverse order. The first of each type of recall was used to minimize the learning effect by
familiarizing participants with the interface of the system and the procedure. For that reason,
the first day of each type of recall was excluded from analysis, leaving four days of recalls
from every individual. Participants were asked to avoid changes in their diets and not to record
their meals elsewhere (e.g. notepads) to aid their recalls. Respondents were informed about the
schedule of their recalls two days before the first one, which could affect their diets. However,
the procedure assumes that this factor affects the accuracy of both types of recall. Thus, if there
is a difference in the accuracy of the methods, it still can be observed.
Every morning, when participants were surveyed using the 24-hour recall method, they
received automated reminders by email and SMS to submit their intake for the previous day.
On the days of progressive recalls, participants received three reminders to add meals into the
system as the day progressed. The next morning, they received a reminder to record late snacks
and drinks, if they had any, and complete their submission. Reminders were circulated at the
preferred times specified by respondents during registration for the study.
6.3.3 Statistical analysis
The analysis compared the mean number of foods and energy reported for a single day and for
individual meals reported using the progressive recall to those reported with the 24-hour recall.
Food items that can be reported by respondents include drinks and condiments (e.g. water, pear
juice, ketchup, sour cream in soup). Each food item can be reported more than once for a single
day and for a single eating occasion (meal). A study with 83 adults between 20 and 60 years of
age shows that the interviewer-led multiple-pass 24-hour recall underestimates energy intake on
average by 33% compared to that measured with DLW [97]. Meanwhile, validations of Intake24
estimated participants under-reporting energy intake compared to the interviewer-led method on
average by 1% [30]. For those reasons, the analysis assumes that an increase in the number of
reported foods and energy is a likely indication of an increase in accuracy of the method. The
significance of difference between the means is analysed using Mann-Whitney U test, which
is selected since it does not assume data being normally distributed [103, 114]. The analysis
provides histogram and probability density plots to visualize that difference.
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6.3.4 User interviews
To analyse usability and acceptability of the progressive recall a subset of participants was asked
to share their experience of the two methods in an interview after their last recall. This resulted
in interviews with N=24 participants [P1-24] (19 men and 5 women) aged from 18 to 44. The
interview asked respondents which type of recall, if any, was more convenient for them; and
which type of recall, if any, helped them to remember foods better. Respondents were asked
to elaborate on these two topics. The interviews were audio recorded and transcribed. The




The study resulted in 96 and 98 submissions surveyed with 24-hour and progressive recall
methods respectively. The mean number of foods recorded for a single day was not significantly
different for the two methods (P = .11). In the 24-hour and progressive recall methods respondents
on average reported 15.9 and 16.8 foods respectively per a single submission. The mean energy
reported with the two methods also remained similar (P = .47) with 1964.2 kcal and 1897.1 kcal
for the 24-hour and progressive types of recall correspondingly. The same trend remained across
all individual meals except for the evening meal (Table 6.1). The mean number of foods reported
for evening meals during progressive recalls (5.2 foods) was significantly higher (P = .001) than
during 24-hour recalls (4.3 foods). The same stands for energy (P = .02). The mean energy
measured for progressive recalls was 745.4 kcal, whereas for the 24-hour recall the mean energy
was 726.4 kcal. The distribution of submission sizes (number of foods per submission) and of
reported energy for evening meals are presented in Fig. 6.3 and Fig. 6.4.
Meal
Number of foods Energy
24-hour Progressive P-value 24-hour Progressive P-value
Evening meal 4.3 5.2 .001 726.4 745.4 .02
Lunch 4.0 4.1 .21 553.5 511.1 .29
Breakfast 3.6 3.7 .29 355.7 307.0 .45
Afternoon snack or drink 2.5 2.8 .12 250.3 257.0 .45
Early snack or drink 2.5 2.2 .19 148.6 146.3 .47
Late snack or drink 2.6 2.4 .18 291.2 288.2 .40
Full day 15.9 16.8 .11 1964.2 1897.1 .47
Table 6.1 Mean sizes and energy contents of meals reported with conventional and progressive
recall methods.
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Fig. 6.3 Distribution of submission sizes for evening meals measured in foods.
Fig. 6.4 Distribution of energy reported by respondents for evening meals.
As can be seen from the Table 6.2 evening meals had the largest number of distinct foods
reported over the study by a single respondent (i.e. mean variety). At the same time evening
meals had the largest mean number of reported foods per a single submission. In other words,
evening meals were the largest in size but foods in those meals were the least repetitive.
6.4.2 User interviews
In the interviews, exploring participants’ experiences of the two different types of recall,16
participants (67%) stated that they preferred the 24-hour recall method, 7 (29%) preferred the
progressive method and one participant (4%) remained neutral. Two topics that were picked by
thematic analysis were "the challenge of fitting dietary recall into daily plans" and "details about
intake that were easier to remember during the progressive recall".
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Meal Mean variety Mean size
Evening meal 14.3 4.8
Lunch 12.5 4.1
Breakfast 7.0 3.7
Afternoon snack or drink 6.1 2.7
Early snack or drink 4.5 2.3
Late snack or drink 4.3 2.5
Table 6.2 Mean varieties and sizes of meals reported during the study.
The challenge of fitting dietary recall into daily plans. The major advantage of the 24-
hour recall described by respondents was them being able to record meals on a single occasion
without, as one participant said, "changing my life routine too much" [P2]. Despite notifications
being sent at the preferred times specified by respondents, these often did not fit into their daily
plans as, for example, for participant [P10]: "If I’m really busy in a day and I’ve not really had
a break between breakfast and lunch, I won’t necessarily get a chance to record what I had
for breakfast until like 2 o’clock" She then added that being able to change previously defined
notification preferences would help addressing that issue: "I think you should give an option for
changing the times of the prompts. . . I set down time for my breakfast and then I realized that
the prompt that I was getting was actually when I was travelling to work". Three respondents
[P2, 9, 14] stated that doing their recalls in the evenings was especially difficult for them. For
example, respondent [P14] said: "I find it really difficult to do any work at night. . . Usually you
have food, you have dessert, then you’re in relaxation mode. So, to bring yourself to do work
is really difficult at like 10:00-10:30 p.m. You’re getting ready for bed. . . So the last thing you
want to do is do a study form." Nonetheless, another three respondents [P6, 12, 19] suggested
replacing the morning recall with an evening recall after the last meal in the 24-hour method.
Details about intake that were easier to remember during the progressive recall. In this
study, interviews indicated that some information about dietary intake was easier to remember for
respondents, when they recorded their intake using progressive recall. 15 out of all interviewed
participants (63%) suggested that the progressive recall helped them to better remember the
foods and drinks they had consumed. Participant [P1], who said that 24-hour recall fitted better
into his lifestyle, experienced the following issue with this recall method: "I think I must have
eaten something cause I didn’t have lunch until like two o’clock. But I don’t really remember.
I was actually guessing today. I was guessing about yesterday." Respondents who expressed
in favor of the progressive method said that short retention intervals assisted them recalling
more details about their meals. For example, participant [P18] noticed that she remembered
serving sizes better during the progressive type of recall: "I think the portion size in general was
hard especially with foods like where there were multiple components and they were all mixed
together. So, how do you remember exactly how much something was? So, I think I was more
accurate when I did it after every meal." While explaining that respondent [P17] pointed out that
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memorizing foods is not a casual task and for that reason recording his diet as the day progresses
worked better for him: "The previous day was a bit of a task because I couldn’t remember the
small details and I relied more on the Intake24 to actually remind me like butter and bread. . . The
small thing I would forget. Looking back for the previous day there was a lot of information that
I tried to hold considering it’s not something that you normally commit to memory. However,
I’ve really actually enjoyed this week just going through it [diet] as the day progresses."
Some respondents stated that short retention intervals were helpful in recalling irregular
eating patterns. For example, this is how [P14] compared the two types of recall: "The second
one [24-hour] obviously relies on a lot more memory, which is difficult, especially when you
had days when you’ve eaten out and you had a few different types of snacks. . . The days, I
had consistent meals, my regular lunch and dinner, it was really easy next day because I have
three coffees and . . . the same soup, but then . . . I ate a Lebanese food one evening and I had
food outside during the afternoon as well and the next day I was like, ’Ah, so many different
ingredients to remember!’ " This experience is supported by another respondent [P12]: "One
day when the school had put on like a buffet, and I had some things from the buffet, and the
next morning I couldn’t remember exactly what I had. So, yeah, I think it’s definitely easier to
remember in the moment"
6.5 Discussion
6.5.1 Principal findings
More than half of the respondents in this study preferred the 24-hour recall method for the
previous day since it was easier to integrate into their daily routine. At the same time, the
interviews indicated that in many cases respondents did not have time to complete a recall when
they received a reminder. The reminders were customized by the administrators at the beginning
of the study to fit a normal eating pattern of each respondent. However, the actual timing
of eating events for some respondents was different during the study. For other respondents
notifications did not account for their plans for those days and distracted them. These factors
could cause negative reaction to the progressive recall captured in the interviews. Thus, giving
respondents the ability to change their notification preferences in the survey interface of Intake24,
for example, postpone the received reminders, could potentially improve the acceptability of the
progressive recall method. Another potential option is to give respondents the ability to decide
the number of recalls they want to make during the day. That could help to identify a comfortable
number of recalls that helps memory of respondents without being intrusive.
Future research could potentially find improvements to the acceptability of progressive recalls
in Intake24 and similar dietary assessment systems by examining user experience implemented
in popular mobile applications for personal dietary assessment (e.g. MyFitnessPal, Lose It!)
[34]. Such applications allow respondents recording their intake progressively. An audience of
millions of users voluntarily tracking their diet on a daily basis demonstrates a certain level of
acceptability of the progressive method used in these dietary applications. At the same time,
recording intake in a mobile dietary application is comparable in terms of tasks and difficulty to
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that in a dietary survey. Thus, user experience of mobile dietary applications could be used as a
source of inspiration for addressing acceptability issues identified in this research.
The statistical analysis of data collected in this study shows that retention intervals for meals
reported during progressive recalls are significantly shorter compared to those for meals reported
during 24-hour recalls. A significant difference in the number of foods reported with the two
methods was observed only for evening meals, where respondents reported more foods during
progressive recalls. The size and energy contents of other meals, and of the day’s intake overall,
remained comparable to that reported during 24-hour recalls. A larger variety of foods in evening
meals that was found in the course of the analysis could make this type of meal harder to recall
the next morning but easy shortly after intake. Indeed, irregular eating patterns were suggested
to be difficult to remember by some participants in our interviews. In contrast with our study
design, 24-hour recall surveys often include longer time gaps between recall days and a mixture
of week and weekend days, aiming to capture more variety in individual dietary intake [30]. Such
variety is likely to increase the burden on human memory and it is possible that the advantages
of the progressive recall for other meals and snacks would be more salient in studies conducted
over longer periods of time. That is supported by those participants in our study who suggested
that shorter retention intervals helped them to remember more details about their intake such as
portion sizes.
6.5.2 Limitations
The current study involved a relatively small number of participants. The recruitment method
meant that the demographics of our respondents were limited, which may mean that the results
do not generalize to a wider population. Due to the study design the analysis compared one day’s
intake against intake from another day and therefore it is impossible to determine whether the
observed difference is due to the method or to day-to-day variation in intake. The benefits of
shorter retention intervals have already been demonstrated in interviewer-led studies with school
age children [22, 23]. The progressive recall has the potential to address the issue of deteriorating
memory in dietary assessment in population groups with limited cognitive function [83]. Still,
the use of technology in online dietary surveys with a wider variety of population groups could
face digital literacy and accessibility issues [81]. Therefore, findings of this research cannot be
transferred to all population groups and further studies with larger and more diverse samples
are needed. For a more reliable judgement of the accuracy of energy intakes estimated with
the progressive recall they could be compared against true intake measured by direct meal
observation or using objective biomarkers of dietary intake.
6.6 Conclusions
This chapter aimed to address one of the key challenges in dietary assessment, which is uninten-
tional under-reporting due to poor human memory [100]. Previous research has demonstrated
that the burden on memory can be minimised by reducing the amount of information that needs
to be remembered along with the period of time it needs to be retained [22, 23]. This chapter
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proposed a modified procedure of the multiple-pass 24-hour recall that is referred to as a pro-
gressive recall. The modified method instead of requiring respondents to report their intake for
the prior 24 hours or a previous day on a single occasion offers recording meals progressively,
shortly after intake.
The method was compared to the multiple-pass 24-hour recall that is also implemented in
Intake24. This research did not find a significant difference in the numbers of foods or the
amounts of energy reported during progressive and 24-hour recalls for a single day in Intake24.
Progressive recalls were found to capture more foods and energy for evening meals. More than
half of the interviewed respondents in our study found fitting multiple intake recalls into their
daily lifestyles to be difficult and preferred the 24-hour recall method. To address concerns raised
by respondents the chapter proposed methods for improving the acceptability of progressive
recalls in Intake24 that could be investigated in future. At the same time, a similar number of
respondents pointed out that they remembered their intake better with the progressive method.
Chapter 7
Tailored dietary feedback as an incentive
in large-scale dietary assessment surveys
7.1 Abstract
Dietary assessment using online surveys faces a range of challenges including motivation of
respondents to take part in such surveys. Despite relatively developed research into designing
engaging experience in online surveys, little is known about its application to online dietary
assessment surveys. This chapter explores the feasibility of using people’s interest in personal
informatics as the driver for engagement with such surveys. In collaboration with qualified nutri-
tionists, a personal dietary dashboard was designed that presents dietary feedback to respondents
after completion of a dietary assessment survey. User experience with two styles of feedback
was explored in an interview study with 24 respondents. The analysis of the interviews informed
the refined version of the dashboard, which was deployed in a dietary assessment survey with
1381 respondents. The analysis of behavioural data identified a correlation between respondents
receiving dietary feedback and the completion rates of this survey. The work described in this
chapter has been undertaken during RA2 and RA4. This chapter informs the answer to RQ3.
7.2 Introduction
Most online dietary assessment surveys automate interviewer-led methods, for example, food
frequency questionnaires or 24-hour recalls [147]. As with interviewer-led methods respondents
commonly omit foods and under-report their intake in online surveys, which reduces the accuracy
of automated dietary assessment due to a number of factors including limitations of memory of
respondents [30]. Dietary assessment systems are able to emulate the behaviour of an interviewer
to a certain extent and assist respondents’ recall, for example, by asking follow-up prompting
questions where necessary [148, 122, 123]. However, there are human factors that are challenging
to detect using these systems as they lack the intelligence of a trained interviewer. One such
factor is social desirability bias, when respondents under-report foods that are perceived as
unhealthy by the society [100]. Another factor is the motivation of respondents to provide
accurate answers, since most variations of dietary assessment surveys require respondents to
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invest a considerable amount of time and effort, which results not only in misreporting, but also
in participants dropping out [63, 101, 147]. Misreporting in such cases has to be identified at the
stage of data quality assessment. This often involves manual analysis of individual dietary records
with abnormally low or high energy content or short completion time of a recall. Moreover,
misreporting can be highly problematic to identify. Respondents who fail to record all foods they
consumed during a study period or underestimate their portion sizes are commonly confused
with genuine low-energy intake reports caused by illness, diet or irregular eating patterns [127].
The motivation of participants is one of the key factors affecting the quality of data gathered
from crowdsourcing tasks, including online surveys. Even if participants receive a monetary
incentive there is little guarantee that they will provide reliable and honest answers. This
especially affects the outcomes of long questionnaires, which are known to have lower completion
rates [63]. For example, a 24-hour recall, which requires respondents to record every food and
drink they had on the previous day and to select portion sizes of those foods, is a highly
complex task which may mean participants skip items, leading to necessary details being missed
[58, 147, 63, 101]. For these reasons, collection of high-quality data in dietary assessment
surveys is a challenging task that often involves high financial costs from rewarding respondents
[17, 53]. Research exploring participatory engagement with online surveys has shown that
respondents may feel more motivated to provide reliable answers if they see a personal gain in
accurate outcomes of a survey [96, 115, 130]. The wide adoption of physical activity trackers
(e.g. Fitbit) and dietary mobile applications (e.g. MyFitnessPal) indicates a strong user interest
in quantifying and understanding various aspects of life and well-being including their diet
and nutrition [45, 62]. This interest in personal data could potentially be used as a driver
for engagement with online dietary surveys. For example, information about the intake of
respondents could be presented back to them in a form of feedback about their dietary intake at
the end of a survey.
This chapter designs a personal dietary dashboard that presents feedback about the intake of
nutrients and the quality of diet to respondents of online dietary assessment surveys. The aim
of this work is to analyse the feasibility of appealing to people’s potential interest in personal
informatics, with an intention to motivate their participation in dietary assessment surveys, in
addition to educating respondents and encouraging positive health behaviours. The design of the
dashboard is inspired by the previous research in the area of interaction design in online surveys
and persuasive technology. However, the scope of this work does not extend to the correlation
between the information presented to participants and changes to their dietary behaviour. The
design of dietary feedback is itself a complex and sensitive problem, as the appropriate choice
and form of nutritional information is highly dependent on contextual factors ranging from
the demographics of the user (e.g. age, ethnicity, nationality, literacy) to the context of the
intervention; whether well-being (e.g. weight self-management) or even for clinical issues (e.g.
diabetes, heart disease). For that reason, before deploying on a larger scale, the two styles of
the dietary dashboard were presented to respondents taking part in a small-scale dietary survey.
Interviews with respondents explore the acceptability of each style, characteristics of dietary
feedback that facilitate usability and issues with presenting such information. The design of
the dietary dashboard was then refined and deployed in a population dietary assessment survey,
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where a correlation between respondents receiving dietary feedback and completion rates of this
survey was analysed. This paper reports on qualitative and quantitative findings from these two
studies.
7.3 Related work
In a typical dietary assessment study that is conducted using Intake24, respondents would use
the survey interface to record all foods and drinks they had consumed the previous day. For
each meal/snack, respondents are asked to provide the time of intake and the list of foods in that
meal with portion sizes. On average respondents spend 14 minutes to complete a record for a
single day, which is a considerable commitment of time [138]. Validations of Intake24 show
that respondents commonly omit some food items (e.g. drinks, vegetables) or underestimate
their intake [148]. For that reason, this research aimed to motivate respondents to provide more
reliable answers during their recalls.
Nakamura and Csikszentmihalyi suggest that individuals are more likely to be engaged in an
activity, if they see a personal value in it [115]. In the context of an online dietary assessment
survey, that could be dietary feedback about the nutrient intake of respondents. Such feedback
could help respondent to make informed choices related to their diet. Research demonstrates
the effectiveness of personalized feedback advice over generic information for changing health
related behaviours including eating habits [52, 86, 99, 111, 124, 151, 156]. The quality of the
feedback will directly depend on the accuracy of the information participants provide; this
can motivate them to put more effort into recording every necessary detail about their intake.
This hypothesis is supported by a growing number of people using personal informatics for
collecting and analysing their well-being (including dietary) data [45, 62, 98]. For example, in
case of mobile dietary applications (e.g. MyFitnessPal) people are motivated mainly by receiving
quantified information about their intake that helps them to improve or maintain their diet. At the
same time, it takes a comparable amount of time and effort to record meals in a mobile dietary
application for the whole day as completing a 24-hour recall survey online.
There are examples of dietary assessment systems that already provide nutrient feedback
for participants, for example, ASA24 and MyFood24 [39, 154]. At the time of writing this
paper, dietary feedback in these systems went little beyond a simplified presentation of a subset
of the full nutritional analysis that is presented to the administrator. For example, MyFood24
provides a single table containing estimated intake of energy, calories, protein, fat, saturated
fat, carbohydrates, sugars, fibre and salt along with recommended intakes for an "average sized
woman doing an average amount of physical activity" (Fig. 7.1). ASA24 in contrast provides
more dietary metrics, both estimated and recommended, taking into account user’s age and
gender. The feedback includes daily calorie intake, intake of 28 nutrients and even splits the diet
into five food groups - grains, fruits, dairy, protein and vegetables (Fig. 7.2). The feedback in
both systems could potentially be made more personalized by, for example, taking into account
physical parameters of an individual (i.e. weight, height) and the level of physical activity that
defines their energy needs and the recommended intake for some nutrients (e.g. fat, non-milk
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extrinsic sugars, protein). Dietary feedback could also provide more information and educate
respondents about healthy eating practices.
Fig. 7.1 Nutrient feedback in Myfood24
Fig. 7.2 Feedback on caloric intake by meal in ASA24
Lessons for developing an engaging experience in online dietary assessment can be drawn
from research that concerns gamification of online surveys. In a study with teenagers and young
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adults (14 - 26 year old), Harms et al. demonstrated that the user experience of an online survey
can be improved with minimal change and cost via a single gamification element. In this case,
virtual badges were awarded for user achievements and no other incentive for participation was
offered [71]. The study mainly revealed that the gamification of the survey was connected with
positive qualitative feedback from the respondents. Meanwhile, the use of feedback did not
affect the respondents’ completion time or their responses. E. Law et al. explored the feeling
of satisfied curiosity as a motivational driver to incentivise crowd workers [87]. In a study on
Amazon’s Mechanical Turk they successfully demonstrated that crowdworkers were more likely
to complete tasks with higher accuracy when those tasks were designed with elements of puzzles
[87]. The authors explained the success of this type of motivation through information gap
theory [95]. According to this theory, individuals who are aware of a gap in their knowledge will
aim to complete their knowledge and resolve the uncertainty. Similarly, the development of the
personal dietary dashboard pursues the drive for respondent’s curiosity about their diet to make
the completion of an online dietary assessment survey more attractive.
In a number of projects, personal informatics has been complemented with elements of
gamification to implement more effective persuasion; examples include "Playful bottle" [44],
"Fish’n’steps" [90] and "OrderUP!"" [68]. Specifically, the "Playful bottle" [44] compared the
effectiveness of interventions for improving water-drinking habits with and without gamification.
The study indicated that gamification positively affected persuasion in this context. An interesting
design choice shared by the authors of "Playful bottle" [44] and "Fish’n’steps" [90] is the
visualization of healthy habits of participants via the well-being and emotional state of virtual
characters (a tree or fish). Contrary to these projects and HCI research that focuses on behaviour
change, RQ3 presents a unique challenge for the development of a tailored dietary feedback
experience in online surveys for large-scale population dietary assessment. Such feedback needs
to be delivered in a way that does not change the eating behaviour of respondents. Changes in
diets of respondents pose risks to the reliability of the outcomes of a study, which aims to capture
habitual intake of a population [157, 100].
7.4 Designing the dietary dashboard
7.4.1 General layout
One of the goals of this research was to preserve the workflow of the questionnaire implemented
in Intake24, which is validated to demonstrate a comparable accuracy to that of an interviewer-led
recall [30, 139, 56]. Thus, as a simple change, a personal dietary dashboard is added at the end
of the questionnaire. The dashboard comprises three elements: a consent form to receive the
dietary feedback, a form to fill in the physical characteristics necessary to calculate nutrient
feedback, and the feedback itself. The dashboard was designed in collaboration with qualified
nutritionists based in Newcastle University Human Nutrition Research Centre.
The feedback presented in the dashboard relies on a set of rules that were designed based
on the Eatwell Guide and the Public Health England dietary recommendations [35, 1]. To
estimate energy needs of respondents the Harris-Benedict equation was used [72]. The rules
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are implemented as numeric ranges representing low, slightly low, good, slightly high and
high intakes for various nutrients, taking into account the individual’s physical characteristics.
Respondents’ physical characteristics, which are voluntarily provided when they consent to
receive the feedback, include gender, age, height, weight, weight target (to maintain, lose or
gain weight) and self-assessed physical activity level. Nutrients for which the system displays
feedback include energy, fat, saturated fat, non-milk extrinsic sugars, protein, Englyst fibre,
carbohydrate, calcium, vitamins C and A. These nutrients were selected by nutritionists as
fundamental in an individual’s diet, and are those for which the system can calculate the most
accurate feedback from a completed recall. The feedback assumes an individual without any
specific diet related health conditions. The dashboard gives no medical advice to respondents, but
rather informs them of directions for improvement. To explicitly indicate this to respondents, the
dashboard includes a message at the top: "The feedback is based on the food intake information
you have given, the Eatwell Guide and UK dietary reference values and is suitable for healthy
individuals. For dietary advice relating to a specific health condition (such as diabetes or
hypertension) please see your GP."
The general idea of the personal dietary dashboard is to present respondents with information
about their diet in a form that is easy to understand for them. As validated by van Weert et
al., using visual cues and lower language complexity in presenting digital content to patients
enhances their satisfaction and interaction [164]. Taking lessons from this research, personal
nutrient feedback was designed in the form of cards, each visualizing the measured intake of one
of the nutrients (Fig. 7.3, 7.4). Every card contains a short line of text describing the range that
fits the measured intake. The card also contains a colour-coded numeric value for the measured
intake and a target range. Respondents can press a "Tell me more" button at the bottom of the
card that opens a modal window with extracts of important information about that nutrient and
its role in human nutrition. This information references links to relevant resources that the user
can explore such as the NHS website. High consumption of saturated fat is related to a higher
risk of coronary heart disease [18], while non-milk extrinsic sugars are linked with weight gain,
dental caries and cardiovascular disease [102, 113, 168]. Participants given dietary feedback
may be interested in making dietary changes based on the information provided to them, and
therefore they are able to view the dashboard that lists the top five foods that contribute to their
calorie, non-milk extrinsic sugars and saturated fat intake. (Fig. 7.5).
7.4.2 Two styles of the personal dietary dashboard
In the course of this work two contrasting styles for the dashboard were designed. The first style
takes inspiration from the Fish’n’steps study with 19 participants (11 females and 8 males, aged
from 23 to 63), which demonstrates the positive effect of appealing to respondents’ care for
and attachment to virtual creatures to improve their physical activity [90]. In this version of the
personal dietary dashboard, each card contains a virtual character that represents a particular
nutrient; for example, a strawberry for vitamin C intake or a loaf of bread for carbohydrate
intake (Fig. 7.3). The characters demonstrate different sentiments (e.g. sad, disappointed or
happy) with facial expressions and backgrounds depending on the range that fits the nutrient
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Fig. 7.3 Examples of nutrient cards for vitamin C and carbohydrate intake in the personal dietary
dashboard with virtual characters.
Fig. 7.4 Examples of nutrient cards for non-milk extrinsic sugar and vitamin A intake in the
neutral style of the personal dietary dashboard.
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intake (low, slightly low, high, slightly high or good, respectively). The motivation for this style
of dashboard is to display a ’mood’ or ’emotion’ related to the diet of the respondent in an
engaging, friendly and non-abusive manner. The design also aimed to associate the presented
information with striking and unusual images to help respondents to remember the feedback
[172]. However, there were concerns that some respondents might feel uncomfortable with this
method of presenting information about such a sensitive topic as their diet. In the Fish’n’steps
project, the authors observed that "punishing" participants with a sad facial expression of a
virtual fish negatively affected their engagement [90]. For that reason, a ’neutral’ style for the
personal dietary dashboard was developed, in which instead of characters the cards contained
generic pictures of foods that represent sources of each nutrient (Fig. 7.4). In this case, the image
did not change depending on the intake of the respondent.
Fig. 7.5 Feedback on five foods highest in calories, non-milk extrinsic sugars and saturated fat in
the personal dietary dashboard.
7.5 Study 1: Interview study
7.5.1 Procedure
To gain in-depth insights into the experience of respondents with two styles of the personal
dietary dashboard (virtual characters and neutral pictures of foods), this research conducted
an interview study with 24 (5 females and 19 males) participants (P1-24) aged from 18 to 44.
Participants of this study were mostly students and staff of Newcastle University. Each style of
the dashboard was displayed after completing one dietary recall in Intake24. For taking part
in this study each respondent received a £30 Amazon voucher. After respondents completed a
survey and received dietary feedback with both styles, they were invited for a semi-structured
interview conducted in person or via means of remote video communication. Participants were
asked to reflect on their experiences with the two styles of the dietary dashboard. This included
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questions such as: "Did you learn anything new from the dietary dashboard?"; "Which style of
the dashboard is more appealing to you and why?"; "What other information do you want to get
from your dietary feedback?". With permission from respondents interviews were audio recorded
and transcribed. Transcripts were coded according to the topics around feedback engagement
characteristics that emerged during the analysis. This study received ethical approval from
Newcastle University Research Office (Ref: 4971/2018).
7.5.2 Findings
This section explores characteristics of the dietary dashboard that improved user experience with
personal dietary feedback in this study. These characteristics represent themes that were picked
by thematically analysing interviews with participants of this study. Overall, 17 participants
stated that the dashboard with virtual characters felt more appealing to them and 6 favoured the
neutral style. One participant did not express a specific preference.
Exploratory. Important information should be easy to discover. For many respondents
the card design of the dashboard made issues in their diets more vivid and easier to identify. For
example, this is how one of the interviewees described their experience [P12]: "Cards allowed
me to skim really quickly. Like skim-skim-skim, ah OK, here as an error and I have a little read.
It really helped to identify, like traffic lights, you know. . . " Each of the presented nutrients was
mentioned by at least one respondent. When participants were asked about information presented
in the dashboard they had not been aware of, the most mentioned nutrient was sugar and its
sources. Even though this element was positioned fourth in the dashboard, ten participants mostly
drew their attention to it. The next most noticed nutrients, energy and vitamin A, were mentioned
five times, half as often as sugar. However, respondents mainly paid attention to nutrient cards
that flagged issues with their intake. For example, the participant [P3] said: "There is something
that stood out, which I think was my Vitamin A intake, which I never even considered before and
I read up on it last night. It was dramatically high . . . ".
The most revealing items for participants, which they perceived as the most valuable in the
dashboard, were the sources of nutrients that were flagged as deficient or excessive. For some
respondents, the feedback completely changed their understanding of their favourite foods. For
example, here is what the respondents [P14] learned about their sugar intake: [P14] "I knew how
much sugars were there in breakfast bars and smoothies but I didn’t realize how quickly a few
of those per day add up. It was a shock for me." Dietary feedback helped respondents to learn
about previously unknown sources of some of their nutrients. For example, the respondent [P8]
was surprised to discover that jam is a source of sugar intake: "I have jam in my porridge and
that comes consistently as highest in sugar. I was like ah but that’s fruit, right?" Similarly, the
interviewee [P9] learned about their source of fat intake: "I wasn’t aware that I eat so much of
goat cheese. . . It consistently came as my number one in fat!"
Meanwhile, it was not always negative discoveries that caught respondents’ attention. A
few respondents had negative expectations about some of the nutrients in their diet but became
intrigued when the feedback highlighted the opposite as, for example, for [P15]: "Surprised I
was getting really good amount of calcium every day just from having milk in tea and coffee."
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Memorable. Dietary feedback should be easy to remember. When comparing the two
styles of the personal dietary dashboard, five interviewees had issues with recalling information
displayed with the neutral style of the dashboard. For example, respondent [P7] points out:
"I actually forgot that there was another feedback cause all I can remember is the cartoon
characters (laughs), so they were definitely more like salient . . . More in your face . . . Definitely
remember them more . . . " The respondent [P3] described a similar experience: "I can distinctly
remember all the little emojis and I can actually remember generally the whole recall, I can
remember roughly what the numbers were underneath as well, the pictures were more vivid and
I think that’s more useful".
Personalized. Dietary feedback should account for personal dietary goals. The two
styles of the dashboard differed only in types of images used in nutrient cards (virtual characters
and neutral images of foods). The way information about nutrients was presented in both
cases remained untouched. Nevertheless, some interviewees expressed the feeling of a tailored
experience that virtual characters gave to them. This, for example, was pointed out by the
respondent [P14]: "Little characters made it feel more tailored . . . ", and the respondent [P8] in a
separate interview: "Cartoon [dashboard] definitely more memorable. Definitely more personal."
The respondent [P5], while discussing tailored experience with virtual characters, described the
following: "It was friendly and approachable and it gave quite a lot of nice information about
like how I could adjust my diet."
However, in other cases the dietary dashboard with virtual characters caused negative emo-
tions by presenting information that contradicted personal dietary goals. Some respondents paid
attention to that information only when it was presented with virtual characters. This is what
the respondent [P22] said: "There is some literature saying that the saturated fat depending on
the quality of it isn’t that bad . . . basically that is something I dispute being a bad thing . . . it
shouldn’t be that negative . . . " In the discussion of the personal dietary dashboard style with
virtual characters, the respondent [P5] gave a good overview of the issue: "I think that feedback
has the danger of being normative; and what works for some people doesn’t necessarily works
for another person . . . Even in that jovial way . . . and even perhaps more so in that jovial way we
risk making people feel bad if they have a different diet."
Credible. The style of presenting dietary feedback should demonstrate credibility. Six
participants who expressed a preference for the neutral style of the personal dietary dashboard
considered its main advantage to be the impression of professionalism and appropriateness,
matching the seriousness of the topic. Two of the respondents, for instance, stated the following
about their experience: [P9] "I really enjoyed reading through it, looking at it, I thought it was
just professional, you know, just something I would expect from food tracking website . . . "; [P19]
"The tone felt better or more appropriate. Matched the degree of seriousness of the study . . . "
Active. Feedback should suggest ways to improve the diet. When the respondents were
asked what would they add into the dashboard, one shared view was that dietary feedback should
not only provide an overview of their diet but also recommend necessary changes to make it
healthier. For example, it should recommend alternatives to foods they reported that were high in
sugar as, for example, was requested by [P8]: "Maybe suggestions of alternatives, so instead of
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jam, you know which is high in sugar what realistically would be better . . . Have you considered
nuts instead?"
Some of the respondents wanted their feedback to support specific athletic targets. For
example, the respondent [P4] pointed out: "One thing that would be useful knowing is what I
need for building strength . . . I know many people start training for marathons now but they
don’t know what diet they need . . . "
7.6 Study 2: Dietary assessment survey
7.6.1 Design refinement
A number of respondents in the interview study questioned the appropriateness of delivering
dietary feedback with emotional expressions of virtual characters. For that reason, the style
of the personal dietary dashboard with neutral pictures of foods was selected for the use in
a larger dietary assessment survey. In the interview study, many respondents expressed that
they learned new information about their diet from nutrient cards in the dietary dashboard. To
make the dashboard more informative it was extended it with cards that provide feedback on the
consumption of red meat, as well as feedback on the number of portions of fruit and vegetables
in relation to the five a day guidelines [35, 41]. To collect reflections on user experience from a
large cohort a comment widget was added at the bottom of the dashboard. The widget allows
respondents reacting to their experience with Intake24 anonymously by pressing a "like" or
"dislike" button and optionally leaving a comment (Fig. 7.6).
Fig. 7.6 User experience comment widget in personal dietary dashboard.
7.6.2 Procedure
The refined version of the dietary dashboard was deployed in a dietary assessment survey
conducted in the UK. Respondents of this survey were paid £20 each and were offered to
receive dietary feedback after recording two days of their diet. Participants could also choose to
reject dietary feedback in consent form displayed after completing the survey. This survey was
completed by 1381 respondents (760 females, 621 males) 12-85 years old. For respondents aged
under 16 years, both parental and child consent was collected. In this survey, respondents were
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asked to submit at least two recalls. This research was performed under ethical approval from
Newcastle University Research Office (Ref: 1377/2017).
As with the interview transcripts, anonymous reactions with comments received via the
comment widget were coded according to the topics that emerged. The paper also reports the
proportion of recalls that provoked positive or negative reactions (like or dislike button presses).
In analysing the results of this survey, the primary focus was on the proportion of respondents
that opted in for receiving dietary feedback and the comparison of their submission rates to those
of respondents that opted out from receiving the feedback. This assumes that if respondents are
interested in dietary feedback, they may want to receive feedback on more of their dietary days
and, thus, submit more recalls than they initially were asked to.
7.6.3 Findings
The section presents the analysis of the distribution of numbers of submitted recalls with and
without presenting dietary feedback to respondents in a population dietary assessment survey.
The survey generated 2846 dietary submissions. It also resulted in 162 likes (91% of
reactions) with 20 comments (13% of reactions) and 10 dislikes (9% of reactions) with 6
comments (7% of reactions). Most of the comments described positive and negative experiences
with the user interface of Intake24 rather than with the dietary dashboard, for example: "Took me
a while to complete but I will get used to it. Would prefer to add today’s food as I eat it so I don’t
miss anything." A number of comments suggested that the nutrient feedback should support
dietary goals of respondents. For example, one common request was to add recommendations
about the ways to improve the diet of an individual, which correlates with the results of the
interviews: "Suggest a swap and what quantity of swapped food to try and eat would help." As
in the interviews, respondents also asked for recommendations of alternative foods; but a more
interesting suggestion learned from these comments was the idea of recommending changes
to portion sizes: "It’s absolutely brilliant - a real eye opener. Suggesting serving sizes at the
conclusion of the data would be brilliant such as "instead of bowl A, try to use bowl C" or
"instead of filling to line 5, try filling to line 3" etc."
Another similarity with the interviews was found in the comments that requested dietary
feedback to aid the sporting targets of respondents: "Relate diet intake more specifically to
exercise - need more than x3 categories, but otherwise very interesting."
In this study, only 469 (34%) respondents accepted receiving dietary feedback. The group of
respondents that rejected dietary feedback submitted on average 1.92 recalls, whereas the group
of respondents that accepted feedback submitted 2.33 recalls (Fig. 7.7), which is significantly
higher under a a Mann-Whitney U test (P < 0.001).
7.7 Discussion
Reflections from respondents in both studies indicate their interest in dietary feedback that
they received from the personal dietary dashboard. In most of the interviews in the first study,
respondents expressed that they discovered new knowledge about their diet. Thematic analysis of
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Fig. 7.7 The distribution of submission rates for the group of respondents that requested dietary
feedback and for the group of respondents that rejected dietary feedback. Both medians are
equal to 2 on this figure.
reflections also highlighted the following characteristics that facilitated positive user experience
with the personal dietary dashboard.
Exploratory. Important information should be easy to discover. The card design that
presented information in the form of an overview was found to help users to navigate it quickly
and explore it gradually. In this case, nutrient cards with colour-coded nutrient values were
used to flag positive or negative results with a short line of text describing it. Users could get
a detailed explanation in cards that caught their attention by pressing a "Tell me more" button.
The presented information helped them to identify points of action. For example, they were able
not only to identify excessive intake of some nutrients (e.g. sugar), but also the sources of that
excess.
Memorable. Dietary feedback should be easy to remember. Interviews indicated that
the style of the personal dietary dashboard in some cases affected the ease of remembering
information presented with it. Some respondents pointed out that the use of virtual characters in
the dashboard helped them to memorize presented information better. However, the interview
study described in this paper was not designed to compare the memorability of dietary feedback
presented with the two styles and this could be an interesting question for future research. At
the same time, this observation demonstrates the importance of dietary feedback being easy to
remember.
Personalized. Dietary feedback should account for personal dietary goals. Feedback
should be generated based on personal user characteristics and allow customization to their needs.
For example, despite dietary feedback provided to respondents in the interview study was based
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on Eatwell Guide and UK dietary reference values [35, 1], some respondents reacted negatively,
when it contradicted their personal dietary targets (e.g. sports, specific diets).
Credible. The style of presenting dietary feedback should demonstrate credibility. The
style of the feedback should demonstrate the trustworthiness of the resource. The neutral style of
the dashboard was found to represent this characteristic more effectively in the interview study.
At the same time, most interviewees found virtual characters more engaging and memorable.
Moreover, the interviews did not involve children who might had also found the style with virtual
characters as more engaging. This conflict creates an opportunity to explore the balance between
these two directions.
Active. Feedback should suggest ways to improve the diet. Respondents in both studies
suggested that their dietary feedback could be more useful, if it provided guidance on specific
changes to their intake that would improve their diet and maintain it according to a defined set
of their personal goals. For example, as prompted by some respondents, it could recommend
foods and their portion sizes to support a balanced diet or specific nutrient goals (e.g. sports).
This characteristic should be considered in conjunction with personalization of dietary feedback.
However, the development of active dietary feedback that is capable of suggesting meaningful
changes to one’s intake is a challenging and sensitive research task. To avoid harmful implications
for human health active dietary feedback and personal dietary goals that such feedback is based
on should be supervised by a qualified dietitian.
A considerably low number of respondents that requested dietary feedback in the dietary
assessment survey indicates that the feedback was not the main driver of participation in this
case. Nevertheless, respondents that did not request dietary feedback on average submitted less
recalls per user than they were asked to, which indicates some level of attrition. In the meantime,
respondents who requested the feedback submitted a significantly higher number of recalls. This
may indicate an increased level of engagement of this group of respondents with the survey and
that could potentially be associated with the presence of dietary feedback. It is worth noting that
recalls collected after respondents received dietary feedback should not be used for the analysis
in a conventional dietary assessment study, since there is a chance that respondents changed their
diet after seeing it [157].
7.8 Limitations
The results of the research described in this paper are limited by the demographics profile of
respondents that took part in the interviews. Results from the analysis of data collected in
the dietary assessment survey cannot confirm whether offering respondent’s dietary feedback
led them to submitting more recalls or if the respondents who were more engaged with the
survey were more likely to request dietary feedback. To support the findings in this work and
to analyse the effect of presenting nutrient feedback to respondents on the accuracy of online
dietary assessment surveys, a future study could compare the mean error rate between estimated
energy intake in a survey with / without dietary feedback and true intake measured by direct
meal observation or using objective biomarkers of dietary intake (e.g. DLW) [94].
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7.9 Conclusion
This paper presents the design of a personal dietary dashboard for respondents of online dietary
assessment surveys. The dashboard provides participants with feedback about their nutrient
well-being derived from their answers. The aim of this work is to address the long-standing
challenge of participatory engagement with online surveys in the context of dietary assessment
by appealing to a potential interest of respondents in personal informatics. Reflections from
participants in two studies highlighted characteristics that improved their user experience with
dietary feedback. The analysis of submitted recalls shows that respondents who requested to
receive the feedback on average recorded more days of their intake, which may indicate an
increased level of engagement with a dietary survey. The results presented in this paper are
based on the deployment of the personal dietary dashboard in Intake24 - an automated dietary
assessment system that implements a multiple pass 24-hour recall method. Nevertheless, the
described methods and findings could potentially be useful for other types of dietary assessment
surveys (e.g. food frequency questionnaires).

Chapter 8
Discussion, Relevance, and Conclusion
8.1 Abstract
This chapter concludes this thesis by revisiting research question presented in chapter 1. This
chapter then summarises key contributions to knowledge resulted from the research activities
used in answering those questions. The chapter describes the limitations of this thesis and
indicates how those limitations may be improved. Finally, directions and opportunities for the
future research that emerge from the findings of this thesis are presented.
8.2 Answering research questions
The main argument of this thesis is that the next step for automated dietary assessment is to go
beyond automation of interviewer-led protocols and address the remaining challenges by taking
advantage of other fields of computing including data science and HCI. Currently automated
dietary assessment systems mostly translate interviewer-led approaches into a digital form and
inherit some methodological problems of original methods that lead to misreporting of dietary
intake and lower the accuracy of assessment [147]. To support this argument the thesis selected
three research directions that assemble three research questions defined in chapter 1. Namely, the
thesis explores the new ways to assist memory of respondents in dietary assessment surveys using
(1) data driven methods, (2) shorter retention intervals (i.e. time period between an intake and a
recall), and (3) tailored dietary feedback as an incentive for participating in dietary assessment
surveys. To build a theoretical basis for answering those questions chapter 2 provides the anatomy
of automated dietary assessment systems. Following that the chapter discusses challenges for
these systems inherited from interviewer-led methods and dictated by the self-administered
nature of recalls. These include limitations of memory of respondents and social desirability
bias. Chapter 2 also identifies challenges that are specific to the use of technology in dietary
assessment studies such as the usability of online surveys, the motivation of respondents to take
part in them and technical literacy of respondents. All of those challenges cause intentional
and unintentional misreporting of respondents’ intake (e.g. omissions, under- or over-reporting)
and affect the accuracy of dietary assessment [100]. Chapters 4- 7 propose new methods for
addressing these challenges and improving the accuracy of dietary assessment. These methods
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were implemented and evaluated in Intake24, a system for conducting large scale population
dietary assessment surveys based on the multiple pass 24-hour recall method [30]. Chapter 3
reviews activities performed in the course of answering the research questions and describes
the development of new modules for the system that supported the collection of data and the
analysis of results for the research activities. The remainder of the thesis provides answers to the
defined research questions.
8.2.1 Research question 1 (RQ1). How can recall assistance be improved
and evaluated in automated dietary assessment?
The answer to the first research question of this thesis is informed from the results of RA1-4
described in chapters 3-6. The research described in these chapters aimed to address unintentional
under-reporting of intake by respondents during automated dietary assessment surveys. The thesis
identifies two opportunities to assist memory of respondents in automated dietary assessment
surveys. The first opportunity is to employ such data driven methods as recommender systems
that are already being used in online entertainment and retail services (e.g. YouTube, Amazon)
[46, 91]. Chapters 4 and 5 demonstrate a successful application of a novel recommender system
for reminding respondents about potentially omitted foods.
Chapter 6 demonstrates another approach to assisting dietary recall by reducing burden
on memory of respondents through shortening the interval between an intake and a recall (i.e.
retention interval). The chapter argues that the 24-hour time frame in the original 24-hour
multiple-pass recall is likely forced by practical constraints of the interviewer-led method.
Whereas an automated dietary assessment system does not have to require respondents to recall
foods they ate in the past 24-hours on a single occasion. Instead, as it was suggested in the
previous validation of Intake24 [30] respondents could record their intake progressively shortly
after it. The increased accuracy of a dietary recall with a shorter retention interval has been
demonstrated by Baxter et al. among school age children [22, 23]. Thus, chapter 6 proposes
changes to the original protocol of the 24-hour multiple-pass recall method implemented in
Intake24 [69, 30] and offers respondents to make multiple records of their intake throughout
the day. The modified procedure is referred to as a progressive recall. The chapter covers the
implementation of the progressive recall in Intake24 and describes a study that compared the new
method to the original 24-hour recall. In the study, respondents reported a larger number of foods
and more energy for evening meals with the progressive method, which offers some support to
the original hypothesis. In addition to that some of the respondents were interviewed to get a
better understanding of acceptability and limitations of the progressive recall. More than a half
of interviewed respondents suggested that it was easier for them to recall their intake with the
progressive method. However, this method may have practical limitations since fitting multiple
dietary recalls in a day was indicated to be challenging by a similar number of respondents.
The analysis of results from research activities that answered the three research questions
of this thesis is based upon a usability framework developed in chapter 3. The framework
provides explicit and implicit quantitative metrics for measuring the impact of changes in
a previously validated dietary assessment system on its accuracy through its usability. For
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example, in chapter 5 the number of accepted food prompts by respondents was used to judge the
effectiveness of those prompts; and in chapter 6 the duration of a survey was used as an indicator
of changes in its complexity.
8.2.2 Research question 2 (RQ2). Can data driven methods facilitate the
accuracy of dietary assessment?
The answer to RQ2 of this thesis is informed from the results of RA1-3 described in chapters 3-5.
The goal of this research question was to demonstrate the application of data driven methods to
recall assistance in dietary assessment systems. The specific challenge that was addressed with
data science in that work was mining of associated food prompts (i.e. reminders). In a dietary
assessment survey, when respondents select a food or a drink (e.g. coffee), the system prompts
them with foods and drinks that are commonly consumed with the selected item (associated
foods, e.g. sugar, milk). In Intake24, these prompts are hand-coded manually by researchers with
nutritional background. Chapter 4 describes the development of a new type of a recommender
system that builds a model of eating behaviour of a population from dietary recalls collected in
the past surveys. Based on the foods selected by the respondent in a dietary assessment survey
this model recommends foods that the respondent has potentially omitted. The chapter also
demonstrates how the recommender system can improve user experience with searching and
selecting foods in the system’s database of foods during the survey. Chapter 5 describes the
deployment of the algorithm in two real-life dietary surveys, where the algorithm was found to
capture a considerably larger number of foods omitted by respondents without any observed
effects on the usability of the survey interface when compared to hand-coded prompts. Thus, the
analysis of results in these two chapters concludes that the recommender algorithm can facilitate
the accuracy of dietary assessment, where there is a large dataset of past survey responses.
In the meantime, the work described in chapters 4 and 5 highlights opportunities for future
research in the area of data driven dietary assessment. For example, the study in chapter 5
demonstrated that secondary foods (e.g. sauces, spreads) are more likely to be omitted than
main foods (e.g. steak, chips). That is reflected in a low proportion of foods suggested by
the recommender algorithm being accepted by respondents (i.e. precision). That proportion
is significantly larger for the hand-coded prompts. That can be explained by the fact that the
recommender algorithm by its design suggests all food items that are statistically likely to appear
with foods reported by the respondent. In contrast to that, hand-coded food prompts include
only foods that are commonly omitted based on experience of nutritionist from past surveys
and interviews. Thus, the improved version of the algorithm could learn, which foods are more
likely to be omitted, and use that knowledge to improve the precision of recommendations.
Future research, could also look into alternative machine learning methods for building the
recommender system for prompting omitted foods that would potentially offer higher precision,
for example, the Skip-gram with negative sampling (SGNS) [21, 107]. Another limitation of
the algorithm discussed in chapter 5 is that it was trained on data collected in surveys that used
hand-coded food prompts. In a study described in chapter 5 the algorithm captured twice as
many unique foods as hand-coded prompts. However, the algorithm might not have learnt some
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food associations would respondents not reported them without hand-coded prompts in surveys
that were used for training. In addition to that, the algorithm needs a rich dataset of recalls
from past surveys to be trained on, which might be not available for new contexts the system
is deployed in (regional, cultural, intervention etc.). Hence, at the moment the recommender
evidently improves the performance of the system’s recall assistance but it should be used as
an extension for hand-coded prompts and not as their replacement. To move towards fully
automated associated food prompts the future research needs to (1) analyse the performance of
the recommender algorithm that is trained on a dataset that was collected without hand-coded
associated food prompts; (2) develop and validate a methodology for training the algorithm for
new contexts. For example, when the system is deployed in a new country, recalls could be
assisted by hand-coded prompts to collect enough of high-quality data to train the recommender
model and switch the system to using this model afterwards.
Another challenge that could potentially be addressed with data driven methods in dietary
assessment in future is the detection of misreporting. At the moment, data collected from a survey
is analysed manually based on such metrics as the duration of a recall or the amount of reported
energy. That can be a challenging process given a large sample size. Instead, the system could
harvest additional information about the quality of answers from collected bahavioural data. For
example, a user that spends too little time on searching and selecting a food may potentially lie
about their intake. Such metrics can be aggreagated with a behaviour data collection module that
is described in chapter 3. The outliers can then be flagged by the system to be further examined
by researchers. This may significantly reduce time and effort involved in data quality assurance
in dietary assessment studies.
8.2.3 Research question 3 (RQ3). Can tailored dietary feedback improve
participatory engagement in online dietary assessment surveys?
RA2 and RA4 described in chapters 3 and 7 of this thesis aim to address intentional misreporting
in online dietary assessment surveys. As one of the major sources of intentional under-reporting
chapter 2 identifies social-desirability bias that causes some respondents of dietary surveys to
alter their reported intake towards accepted societal norms. The chapter identifies another reason
for intentional misreporting in low motivation of some respondents to go through a long survey
[139, 100]. Taking lessons from research in participatory engagement in crowdsourcing tasks
and online surveys chapter 7 proposes to address these issues by adding personal interest in
accurate survey results for respondents [96, 115, 130]. This chapter examines the feasibility of
using tailored dietary feedback as such an incentive and identifies characteristics of the feedback
that facilitate the engagement of respondents with it. The chapter describes the development of a
personal dietary dashboard for respondents of dietary assessment surveys. The visual design of
the dashboard is informed by the previous HCI research in the area of participatory engagement
with online surveys, persuasive technology and personal informatics [71, 90, 44, 68]. Dietary
recommendations presented in the dashboard are based on the Eatwell Guide and UK dietary
reference values [35, 1]. To collect the data that informs the answer to the RQ3 the dashboard
was deployed in two dietary surveys and some of the respondents who used the feedback were
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interviewed. This study has demonstrated that respondents who requested receiving dietary
feedback submitted on average considerably more recalls and reported more energy per a single
recall, which may indicate an improved quality of collected data. This chapter also discusses the
challenge of delivering dietary feedback without changes to diets of respondents that may limit
the ability to capture habitual intake of a population [157, 100]. This, for example, contrasts with
the focus of technology for personal dietary assessment (e.g. mobile dietary tracking application)
that mainly aims to change and improve diets of its users. For that reason, in this chapter, the
respondents of the second study received dietary feedback only after completing the required
number of recalls. Future research could analyse and estimate the degree, to which presenting
dietary feedback to respondents during online dietary assessment surveys changes their diets and
the results of the assessment.
In interviews with respondents, five key engagement characteristics of dietary feedback
emerged that are described in detail in chapter 7. One experience valued by respondents was their
ability to grasp information quickly from a glance through the dashboard and to gradually explore
the areas of their interest in more detail. For example, if the dashboard highlights a lack of some
nutrient, respondents can open a modal window that contains extracts of information about the
role of that nutrient in their diet, foods that contain it and links to trusted resources (e.g. NHS
website) that respondents can explore. Interviews also indicated that information presented in the
feedback should be easy to remember. The use of striking and unusual images could potentially
facilitate that [172]. At the same time, visual design of nutrient feedback should demonstrate
credibility and trustworthiness of presented information. In case of this study, for example,
the use of cartoon characters resulted in a negative attitude of some respondents to the design
of the dietary dashboard. The next two engagement characteristics identified from interviews
highlighted a clear research direction for the development of nutrient feedback not only for
dietary assessment surveys but for other contexts as well (e.g. personal mobile dietary tracking
applications). Many respondents wanted the nutrient feedback presented to them to go beyond
general recommendations and to be customizable towards their personal dietary targets. Above
that they suggested that the feedback should provide guidance on shaping eating habits toward
those goals (e.g. changing portion sizes, offering food substitutions). That is a great research
opportunity that presents another challenge in dietary assessment that could be tackled with data
science. For example, a recommender system could be developed that offers substitutions for
foods recorded by a respondent that do not fit into their nutrient targets. However, since diet is a
key life-factor in human health and well-being, an inexperienced individual should not have an
unsupervised access to such a tool. Instead, this system could assist dieticians and make their job
even more effective. So, they could discuss intervention targets with their patients and customise
the tool to provide recommendations for the patient according to those targets.
8.3 Limitations
As with most research studies, there are limitations to results presented in this thesis. It is
important to acknowledge these limitations and provide context to the validity of claims stated in
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this research. The limitations presented in this thesis can also inform future studies in the area of
automated dietary assessment.
Throughout the history of Intake24 there have been hundreds of thousands of meals reported
in the system. That includes such information as food contents of those meals, meal names,
nutrient values and system usage data (e.g. duration of recall, user search query). This dataset
presents an invaluable resource for developing and refining data driven methods for improving
the accuracy of dietary assessment systems. For example, some of that data was used for the
evaluation purposes in the development of the recommender algorithm covered in chapter 4 and
for analysing the engagement of respondents with dietary feedback described in chapter 7. User
behaviour data collected with Intake24 also helped to analyse the performance of a progressive
recall method for recording dietary intake described in chapter 6. However, a large proportion of
data collected from dietary assessment surveys that use Intake24 is owned by researchers behind
those surveys and sharing of that data is limited by non-disclosure agreements. That factor limits
the reproducibility of some of the results described in this thesis. In other words, researchers that
want to reproduce these results would have to obtain such data from other resources or, otherwise,
collect it themselves. In the meantime, the system collects no personally identifiable or any
sensitive information about respondents. The development of Intake24 has always followed
principles of open source and I cannot think of any sensible reason for the dataset to be not
publicly available for the research community. Public access to the dataset would not only help
the reproducibility of the current research but would also facilitate the development of alternative
solutions for challenges described in this work.
Every study that informed answers to questions of this thesis compared the performance
of Intake24 extended with one of proposed recall assistance methods to that of the existing
previously validated version of the system [30]. The primary focus of these activities was not on
the accuracy of results produced by each version of the system individually but on deviations in
performance metrics of the updated system from its validated state. The aim of these activities
was to find initial support to hypotheses behind research questions with a view to validate the
results on a larger scale and/or against alternative methods of measuring dietary intake (e.g. direct
meal observation, boilermakers of dietary intake) [77]. For those reasons, studies in research
activities aimed to be designed so that both versions of the system were equally affected by
limitations of that design. One limitation of this research is that the user study performed in RA2
that is described in chapter 3 and informed answers to research questions of this thesis involved
a relatively small sample size (N=49) with a limited demographic profile. That may mean that
findings from that study do not translate to a wider population. Nevertheless, findings related
to the use of a recommender system for reminding respondents about potentially omitted foods
that are described in chapter 5 received additional support from findings from a larger survey
conducted during the RA3. Similarly, findings from interviews from RA2 related to the use of
tailored dietary feedback as an incentive for participation in dietary assessment surveys described
in chapter 7 were supported by the results of the analysis of usage data collected in a survey
during RA4. The other limitation that should also be noted is that in all studies the protocol
of a multiple pass 24-hour recall was not strictly followed [69, 157]. The method recommends
that respondents should complete at least three recalls on non-consecutive weekdays and one
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recall on a weekend day to capture their habitual intake [77]. In the user study performed in
RA2 respondents submitted only week day recalls and in the surveys during the RA3 there were
no specific requirements to the days of the week for respondents for completing their recalls.
Although respondents of the study in the RA2 were explicitly asked not to change their diet, they
were informed about the schedule of their recalls, which potentially could affect their diets.
8.4 Conclusion
This thesis identifies and provides some support to three novel research directions in improving
the accuracy of data aggregated in large-scale population online dietary assessment surveys.
Firstly, the thesis developed a recommender system for assisting dietary recalls and analysed its
performance in real-life dietary assessment surveys. As the second direction this thesis explored
using short retention intervals in a multiple-pass 24-hour recall to reduce burden on human
memory. Lastly, this research looked into improving participatory engagement with online
dietary assessment surveys by providing dietary feedback to respondents based on their answers.
These three directions were explored within a usability framework for dietary assessment systems
that was also developed in this thesis. Applications of the new methods were demonstrated
and analysed in a system that is based on a multiple-pass 24-hour recall. At the same time, the
proposed methods can likely find applications in online surveys that use different protocols for
collecting dietary data. For example, online surveys that are based on the FFQ method could
potentially benefit from the usability framework that was used for the evaluation of new recall
assistance methods and was described in chapter 3, the recommender system for prompting
omitted foods that was developed in chapter 4 and evaluated in chapter 5, as well as from
the use of tailored dietary feedback as an incentive that was explored in chapter 7. The new
approach to building recommender systems that was initially developed for prompting survey
respondents about potentially omitted foods and that is described in chapters 4, 5 can potentially
find applications outside the scope of online dietary assessment surveys. Contrary to other
recommender systems that rely heavily on historical data about personal choice of an individual,
the new method builds a collective model from choices of a large group of people. Such approach
makes the recommender system less prone to the cold-start problem, when the system is not
able to produce recommendations for a new user who does not have an established history of
preferences in the system. That makes the recommender system developed in this thesis suitable
for contexts, where an extensive history of user behaviour is not aggregated or stored and/or
where the range of indicators representing user interests is limited (e.g. systems with high privacy
concerns and/or irregular usage). Lastly, consumer mobile applications for personal dietary
assessment (e.g. MyFitnessPal) could potentially benefit of some of the approaches used in
validated large-scale dietary assessment systems covered in this thesis [43].
There are a number of challenges in large-scale automated dietary assessment that remain
to be addressed with the development of this technology. One of the biggest limitations in
assessing diets in low-income populations is the reliance on respondents owning a personal
mobile device and having an access to the Internet. For example, only 15% of Africans owned
a smartphone in 2015 [129]. Dietary assessment methods based on interviewer-led recalls and
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direct observations are still widely spread in this context [42, 66]. A potential solution could
be learned from research by Mitra et al. who used shared public computers for self-organized
education for children [109, 110]. Similar to that the feasibility of using shared computer devices
for self-administered dietary recalls could be explored.
In the meantime, research directions in technology for improving the accuracy of dietary
assessment are not limited to the methods discussed in this paper. There are a number of
state-of-the-art methods that could benefit the accuracy of assessment or add more details to
data collected in dietary studies. For example, machine learning can be used for detecting
eating behaviour including hand-to-mouth actions, chewing, and swallowing of food from data
collected with wearable sensors [136]. Applied to geolocation data from a mobile phone machine
learning could potentially infer a respondent being at a restaurant. One way these clues could be
beneficial is if they are used for prompting respondents about reporting their intake in the right
moment. Wearable sensors can also provide some indication of physical activity of respondents,
which can be useful, for example, to estimate their energy requirement. Wearable cameras or
handheld devices can be used to capture the exact foods on respondent’s plate [65, 13]. Research
demonstrates the potential for image processing and machine learning technology to be used
to identify foods and drinks captured on those images, estimate their portion sizes and even
their energy and nutrient content [175, 92]. That could further ease the process of reporting
foods and reduce the burden on respondents. The use of these methods in large-scale dietary
assessment currently faces economic and scalability concerns. Nonetheless, dietary assessment
systems could explore opportunistic use of contextual data, when, for example, respondent agrees
to share sensor data from their mobile or wearable device. At the same time, such methods
require collecting sensitive data, which means that issues related to privacy of respondents should
also be explored. Thus, automated dietary assessment offers a range of unique challenges and
opportunities to researchers from various fields of computing.
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